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List of abbreviation 
AT I Alveolar type I 
AT II Alveolar type II 
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CM Cardiomyocyte 
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OB Osteoblast 
PCA Principal component analysis 
PI3K Phosphatidylinositol-3-kinase 
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General introduction 
1. Scope and background of this thesis 
The aim of this thesis is to show that comprehensive chemical information, which is 
obtained by Raman micro-spectroscopy of single living cells, provides pathways on cell 
fate decisions in multidimensional chemical phase space (Fig. 1). In Chapter 1, Raman 
microscopic analysis shows the pathway of the cell differentiation process in a cell 
population during 12 days in the cellular chemical phase space. In Chapter 2, by Raman 
micro-spectroscopy, cellular chemical dynamics and chemical states were detected 
during the early stage of differentiation and proliferation processes. In Chapters 3 and 4, 
as groundwork studies for detecting the cellular dynamics, Raman analysis of biological 
samples, including those of the diseased rat esophagus and of human skin models with 
pigmentation upon H2O2 stimulation, was conducted. 
Cell fate decision is important in development processes such as tissue 
formation and homeostasis. Apoptosis is necessary for the development of digits in the 
development process.1,2 Differentiation and proliferation are also required for tissue 
formation and for maintaining homeostasis.3 Cell fate decisions are guided by various 
external signals such as external cellular signals as well as internal cues. In addition, 
cellular fate decision is affected by cell–cell interactions and the cellular environment. 
As an example of a cellular external signal affecting cell fate decision, neuron growth 
factor (NGF) induces cellular differentiation through a cellular signaling pathway in 
PC12 cells.4, 5 In addition, in the breast cancer cell line MCF-7, the HER2 antibody, 
which binds to the membrane receptor ErbB2, induces differentiation.6 Proliferation of 
both PC12 and MCF-7 is induced by epidermal growth factor (EGF).7, 8 Cell–cell 
interaction affects the cell fate decision; the Notch signaling pathway is well known in 
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the development process.9, 10 With regard to cellular internal cues, the cell cycle also 
affects the cell fate decision. The differentiation of the endoderm, mesoderm, and 
neuroectoderm in human embryonic stem cells (hESCs) is strongly associated with the 
cell cycle.11 The microenvironment, e.g., substrate stiffness, also affects the cell fate 
decision in case of stem cells.12  
On the other hand, an important point in cellular process is that cellular 
responses to external cues are fluctuated even in clonal cells. For example, when 
genetically homogenous Escherichia coli cells were exposed to the antibiotic ampicillin, 
a small fraction of cells survived and divided after the removal of ampicillin, whereas 
most cells were killed.13 Similarly, in case of the cell fate decision of PC12 exposed to 
the same external factors in a same culture medium, cell fate of individual cells were 
fluctuated.14 Such stochastic-like responses could be caused by a difference in the 
intracellular chemical state. These cellular states can be investigated by enumerative 
analysis technologies such as mass spectroscopy (MS)15-18 and nuclear magnetic 
resonance spectroscopy (NMR)15, 19. These technologies provide extensive information 
on the intracellular chemical composition. However, the information is provided for the 
entire cell population, and information on a single living cell cannot be obtained. 
Although most fluorescence imaging techniques are undoubtedly useful for detecting 
the cellular chemical state in the single cell,20 these techniques are not sufficient for 
detecting multi-dimensional molecular information and require prior knowledge to be 
applicable to the cell. Therefore, to trace the individual cellular chemical state of a cell 
population and a single cell, an optical non-invasive technique not requiring complex 
sample preparation is required.  
Raman spectroscopy is a spectroscopic technique, which provides vibrational 
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and rotational information on molecules. Raman scattering light is derived from 
inelastic scattering of light caused by the interaction between molecular vibration and 
the incident light. Raman analysis of single cells and chromosomes by Raman 
micro-spectroscopy was first reported in 1990,21 and this technique has been widely 
used for detecting the chemical composition in biological samples since then. In the past 
two decades, Raman studies have succeeded in the detection and discrimination of 
changes in biological molecules in cells and tissues. At the tissue level, Raman 
spectroscopy was used for discriminating breast cancer from normal tissue,22, 23 
endoscopic Raman spectroscopy was used for detecting in vivo esophageal cancer,24 
and Raman imaging was used for differentiating cancerous skin from normal skin.25 At 
the single cell level, Raman spectroscopy was used to distinguish differentiate 
cancerous cells from normal cells26 and to detect the difference between primary cells 
and their derived differentiated cells, 27 while Raman imaging was used to determine the 
difference between hESC and hESC-cardiomyocytes (CMs).28 These studies are 
supporting evidence that Raman spectroscopy can detect the chemical changes in a 
single cell and provide in vivo information on the cellular status during cell 
differentiation and proliferation. 
 
2. Originality, novelty, and impact of this thesis 
Raman spectroscopy, which non-invasively provides information on multi-dimensional 
molecular entities, has been utilized in this thesis to visualize the chemical dynamics in 
single living cells and cell populations during cell differentiation and proliferation. 
Using chemometrics, information about important and hidden differences in cells was 
obtained from the Raman spectra. Most previous Raman cell studies had focused on the 
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discrimination and assessments in two- or three-cell conditions.26-33 Although several 
studies have investigated chemical changes in a single cell over time, only in time-series 
imaging data of a few cells were discussed.34-36 On the other hands, enumerative 
analyses of genes and proteins have identified mechanisms and marker molecules in cell 
fate decision at the cell population level. Marker molecules are useful for detecting the 
cellular state during differentiation; however, marker molecules do not allow the 
identification of the cellular chemical states in a cell before the change has occurred. In 
addition, it is impossible to detect differences in cell states affected by other factors. 
The notable insights in this thesis are described as follows: 
(1) By Raman micro-spectroscopy, the circular and oscillating dynamics of the chemical 
composition of a cell population during growth factor-induced differentiation are 
described. Cell differentiation process of the cell population was visualized by the 
multicomponent phase space on the basis of the Raman spectra and auto-fluorescence 
spectra. The results show that differentiation is not a monotonous chemical change in 
the cell population. In addition, the results showed that Raman analysis of a single cell 
can detect the cell dynamics of chemical compositions during cell fate decision.  
(2) By tracing the chemical dynamics in a single cell during the early stages of 
differentiation and proliferation by Raman micro-spectroscopy, the time-evolution of 
cellular chemical states was detected and visualized. Despite similar cellular signaling 
pathways used for differentiation and proliferation, the dynamics of the chemical state 
are critically different between differentiation and proliferation process. These results 
showed that Raman micro-spectroscopy is a powerful tool for detecting these dynamics 
inside a single cell and for showing cell fate decision pathways.  
(3) The comprehensive cellular chemical state and its dynamics were detected in single 
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cells before and during cell differentiation in the absence of any labeling, with 
non-destructive. Furthermore, the cellular chemical information and its dynamics were 
visualized, demonstrating for the first time that individual cells and a cell population use 
complex pathways during differentiation in the multivariate chemical space. 
The Raman measurement of comprehensive chemical dynamics of either a 
single living cell or a cell population provides new insights during the cell fate decision 
processes. These new insights suggest that global chemical information and its 
dynamics in single cells by Raman spectroscopy can provide a new strategy for 
exploring the cell fate decision mechanism at the single cell level and that Raman 
micro-spectroscopy could be used as a prospective technique for predicting models of 
cell fate decision.  
 
3. Cell fate decision in MCF-7 cell 
The breast cancer cell line MCF-7 was used as a model system for cell fate decisions in 
this thesis. Whereas EGF stimulation induces the proliferation of MCF-7 cells, 
heregulin (HRG/NRG1) induces their differentiation.37 MCF-7 has previously been 
induced to differentiate express oil droplets composed of milk components (lipids and 
casein).6  
MCF-7 cells express various ErbB protein-tyrosine kinase receptors 
(EGFR/ErbB1/HER1, ErbB2/HER2, ErbB3/HER3, and ErbB4/HER4) on the cell 
membrane. While EGF is the cognate ligand of EGFR and HRG/NRG1 is the cognate 
ligand of ErbB3 and ErbB4, no EGF family peptide binds to ErbB2. The dimerization of 
ErbB receptors triggers the activation of cellular pathways via their cytoplasmic tail 
domains.38 EGFR/HER1 activation induces the recruitment of Ras to the plasma 
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membrane, followed by the activation of the mitogen-activated protein kinase 
(MAPK/ERK) signaling pathway inside the cell. Similarly, ErbB3/HER3 and 
Erb4/HER4 activation induces the phosphatidyl-inositol-3-kinase (PI3K) signaling 
pathway.39 Although Ras-MAPK/ERK and PI3K signaling pathways are activated by 
ErbB receptors, these signaling pathways can negatively regulate each other.40 The 
mechanism of cell fate decision was investigated inside MCF-7 cells.37,41,42 EGF and 
HRG induce transient and sustained ERK activation, respectively. Although ERK 
activation induces the expression of the cell differentiation gene c-fos, c-fos protein is 
only activated by sustained ERK activation. Sustained ERK activation will trigger cell 
differentiation via the activation of c-fos protein, while transient ERK activation will 
not. 
Several genes and proteins have been investigated in the MCF-7 cell 
population to identify which are involved in cell fate decision. However, these marker 
molecules of cell fate decision can only detect the cellular state once molecular changes 
have occurred. In addition, the cellular responses to external factors differ in each cell. 
In this thesis, measuring the comprehensive chemical information of a single living cell 
by Raman spectroscopy allowed us to investigate the cellular chemical states before and 
during cell differentiation, without labeling marker molecules. By tracing the cellular 
chemical dynamics, cell differentiation pathways were investigated and the transition 
rules were explored at the single cell level using comprehensive chemical information.  
 
4. Raman spectroscopy 
4.1. History of Raman spectroscopy in biology and medicine 
Sir Chandrasekhra Venkata Raman discovered the “Raman scattering phenomenon” in 
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1928. Gradually, improvement of the Raman instrumentation has been performed. 
Various light sources for Raman spectroscopy have been developed. In 1930s, mercury 
lamps were used for light excitation.43 In 1962, laser was applied for Raman 
spectroscopy.44 Simultaneously, detection systems such as charge-coupled devices 
(CCDs) were developed for Raman spectroscopy. These advances led to the 
development of various Raman techniques such as Raman micro-spectroscopy,45 
Fourier-transform Raman spectroscopy,46 and endoscopic-Raman spectroscopy.47 
Raman spectroscopy is an optical technique based on the inelastic scattering between 
molecular vibration and light, and it provides information about molecular vibration and 
rotation. Because the technique is non-invasive and represents a non-labeling analytical 
method, Raman spectroscopy has been applied to analyze biological samples. 
In 1970–80s, in pioneering studies in the fields of biology and medicine, 
biological pure molecules were investigated by Raman spectroscopy. Biological 
molecules, including proteins, nucleic acids, lipids (lipid bilayer), and carbohydrates, 
were investigated.48,49 The secondary structure of proteins was investigated at the level 
of peptidic bonds, amino acid vibration mode, and the thermal denaturation process of 
protein structures, leading to the in situ detection of the secondary structure of proteins 
in the eye lens.48 In the same period, the heme group containing proteins, hemoglobin, 
and cytochrome c was investigated in a resonance Raman study. Both studies are now 
considered as pioneers in the field of biological chemistry.48,49 The study of resonance 
Raman spectroscopy was extended to natural chromophore molecules, including 
vitamin B, chlorophyll, carotenoid, and rhodopsin.48, 49 On the basis of these studies, 
Raman spectroscopy has been applied to increasingly complex biological samples such 
as cells and tissues. 
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 In 1990, one of the first studies of Raman microscopic analysis reported the 
measurement of a high spatial resolution (approximately 1 µm3) in the cell.21 The 
technology was extended to other cell types and tissues, including cancer cells, primary 
cells, stem cells, and organs. At the tissue levels, Raman micro-spectroscopy allows the 
detection of chemical changes in the tissue without labeling and in a non-destructive 
manner. In 1998, P. J. Casper et al. and G. J. Puppels detected the Raman spectra of in 
vivo and in vitro human skin layers.50 In addition, they reported the in vivo depth 
profiles of skin chemicals and water concentrations in 2001.51 In the mid-2000s, Raman 
micro-spectroscopy was proposed as a new technique for rapid and non-invasive optical 
diagnosis, and it was rapidly applied to biopsy samples from patients. The technology 
allows to differentiate breast cancer from normal tissues ex vivo.22, 23 Using a 
combination of Raman imaging and fluorescence imaging of collagen and tryptophan, 
K. Kong et al. diagnosed basal cell carcinoma (BCC) using biopsy samples in 2013.25 
Although Raman micro-spectroscopy has been successfully used for tissue 
discrimination ex vivo, the technology faces a major spatial limitation to be used as a 
diagnosis tool in vivo in clinical medicine. In 2000, E. B. Hanlon et al. and M. S. Feld 
first prospected in vivo Raman spectroscopy combined with optical fibers.52 In 2004, J. 
T. Motz et al. and M. S. Feld presented a Raman optical probe optimized to collect a 
good Raman to noise signal from a tissue sample during an exposure time of 1 s with a 
830 nm excitation diode laser.47 Optical fiber probes have been developed and improved 
since mid-2000s. Y. Komachi et al. and H. Sato developed a micro-Raman probe 
(diameter 600 µm) with low fiber-optical Raman background.53 In addition, T. Katagiri 
et al. and H. Sato developed a high axial resolution hollow fiber Raman probe for 
endoscopy.54 In the application study, Y. Hattori et al. and H. Sato reported the findings 
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of their in vivo endoscopic Raman analysis: the Raman signals of the esophagus of a 
living rat were detected using an endoscope and a micro-Raman probe in 2007.55 Fiber 
Raman spectroscopy was used by A. S. Haka et al. and M. S. Feld in 2009 to 
differentiate in vitro breast cancer from normal tissue in biopsy samples.56 In vivo, 
human esophageal cancer was separated from normal tissues by M. S. Bergholt et al. in 
2011.24 These Raman analyses were successful because of the development of both 
optical techniques and powerful spectral analysis, leading to the ability to extract 
important information from tissues composed of complicated chemical mixtures. 
In the 2000s, Raman analysis performed on single cells confirmed that this 
technology can be used in the discrimination of cellular types and various cell states. I. 
Notingher et al. identified three bone cell phenotypes derived from MG63 cells on the 
basis of principal component analysis (PCA) and linear discriminant analysis (LDA) in 
2004.29 By PCA/LDA analysis and Raman spectroscopy, P. Crow et al. separated four 
breast cancer cell lines 26, while Y. Oshima et al. differentiated normal cells from cancer 
cells.30 In lung primary cells, R. J. Swain et al. revealed Raman spectral changes 
because of the difference in cellular lipids during the differentiation from alveolar type 
II (AT II) to alveolar type I (AT I) cells.27 They discussed whether cancer cell lines are 
useful as a primary cell model on the basis of the results of Raman analysis.31 These 
studies showed that Raman micro-spectroscopy enables the detection of the chemical 
composition of different cell types.  
Assessing specific cellular processes constitutes an important aspect of Raman 
studies; the processes studied include organelle function, proliferation, differentiation, 
and apoptosis. In 1998, Y. Takai et al. reported a difference in the degree of unsaturation 
lipids between cytoplasmic isolated minor granules and clustered major granules of 
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interleukin-2 activated killer T cells. The large difference in lipid unsaturation between 
the granule and plasma membrane may be relevant to the role of granulous lipid in 
packaging cytotoxic proteins inside the granule and preventing them from attacking the 
killer lymphocyte itself.57 In the early 2010s, apoptosis caused by doxorubicin58 and 
cisplatin59 was investigated by Raman micro-spectroscopy. Two studies showed that 
changes were observed in the signal intensity of nucleic acids and proteins depending 
on the concentration of drugs and exposure time. Studies of cell cycle have been 
conducted by Raman micro-spectroscopy. In 2005, Y. S. Huang et al. reported Raman 
spectral changes during the cell cycle of fission yeast cells.60 In 2008, R. J. Swain et al. 
showed that Raman spectra differ among cells in G0/G1, S, and G2/M phases.32 These 
studies showed that the chemical changes during cellular processes can be detected and 
assessed by Raman spectroscopy.  
With the development of Raman mapping and imaging, chemical changes and 
localization with time have been investigated. A. Zoladek et al. reported a time-course 
of Raman imaging during the apoptosis process of human breast cancer cells in 2011. 
Raman imaging detected the increase in DNA (788 cm−1) intensity in the nucleus and 
the increase in lipids in apoptotic cells in comparison with those in control cells.34 In 
2011, C. K. Huang et al. performed time-course Raman imaging of the yeast cell cycle 
and found biochemical differences depending on the cell cycle stage.35 During the cell 
division, the intensity of proteins continuously increases, whereas the intensity of lipids 
decreases. In the subsequent interphase, both phospholipids and proteins increase. 
Raman imaging enables us to visualize the dynamic chemical distribution during cell 
processes and to distinguish the chemical changes between the nucleus and cytoplasm.  
Since the establishment of ESCs and induced pluripotent stem cells (iPSCs), 
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Raman spectroscopy was used to assess the cellular processes in these particular cells. 
In 2004, I. Notingher et al. used hierarchical cluster analysis and PCA to study the 
difference between murine ESC cells and their spontaneously differentiated cells.29 In 
2009, E. Gentleman et al. used Raman micro-spectroscopy to assess various types of 
susceptible cells to represent a new cellular resource for bone regenerative medicine. 
They compared mineralized nodules from murine ESCs, osteoblasts (OBs), and 
mesenchymal stem cells (MSCs) by Raman spectroscopy, the nano-indentation test, and 
transmission electron spectroscopy. OB- and MSC-derived mineralized nodules were 
similar to the native bone in their content and structure, while mESC-derived nodules 
were similar to the older bone in their chemical composition.61 hESCs, hESC-CMs, and 
human fetal left ventricular CMs were separated by PCA/LDA in 2009.33 In 2011, F. C. 
Pascut et al. studied hESCs and their derived hESC-CMs by Raman imaging and 
multivariate analysis.28 They identified marker bands specific to either hESCs or 
hESC-CMs. Then, they monitored the cardiac differentiation process of hESCs on the 
basis of the marker bands in 2013.62 By Raman imaging and PCA, A. Ghita et al. 
differentiated neural stem cells from their derived glial cells on the basis of cytoplasmic 
RNA bands (813 cm−1) in 2012.63  
As presented in this history of Raman analysis of the cell, Raman spectroscopic 
detection and assessments of cell process have been succeeded by extracting 
information from spectral analysis and visualizing the chemical distribution in a single 
cell. However, most studies are only focused on analysis of two or three cellular 
conditions (phenotypes). In the previous Raman analysis of cellular processes, 
intermediate conditions and sequential changes in cellular chemicals were not 
considered. In this thesis, by Raman micro-spectroscopy, the dynamics of the cellular 
14 
 
chemicals were investigated in detail. In Chapter 1, the dynamics of the differentiation 
of the MCF-7 cell population is described in the phase space. In Chapter 2, single cell 
dynamics during the early stages of differentiation and proliferation are shown in the 
PCA space. 
 
4.2. Resonance Raman spectra 
A resonance Raman effect is caused when a sample is irradiated by light whose 
energy corresponds to the electronic transition energy of a particular chromophore 
group in the sample. Resonance Raman intensity is enhanced 103 to 105 times against 
non-resonant Raman scattering. This feature is useful to identify the vibration mode and 
specific molecules of low concentration.49  
 Theoretically, the intensity of Raman bands observed from the vibrational 
ground state m to the excited state n is given as follows: 
𝐼𝑚𝑚 = 16𝜋4(𝜈0 − 𝜈)4𝑐4 (𝑎𝜌𝜌)2𝐼0.                                                                                                (1) 
Here, I0
 is the strength of the irradiating light, ν0 is the frequency, and c is the light 
velocity. aρσ shows the changes in polarizability a caused by the m ’  e → n transition, 
where ρ and σ are x, y, and z components of the polarizability tensor and e represents an 
electronic excited state. This equation shows that the intensity of Raman signals is 
proportional to the square of polarizability. The polarizability aρσ  is given by the 
following Kramers–Heisenberg–Dirac formula: 
𝑎𝜌𝜌 = � (𝑀𝜌)𝑚𝑚(𝑀𝜌)𝑚𝑚𝐸𝑚 − 𝐸𝑚 − ℎ𝜐0 − 𝑖Γ𝑚 + (𝑀𝜌)𝑚𝑚(𝑀𝜌)𝑚𝑚𝐸𝑚 − 𝐸𝑚 + ℎ𝜐0 − 𝑖Γ𝑚
𝑚
.                                                  (2) 
Here, Ee, Em, and En correspond to the energy of each state, and (Mσ)me corresponds to 
the component of the dipole moment σ (x, y, and z) caused by the m ’  e transition. In 
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the transitions from m to e, the intensity is proportional to the square of (Mσ)me. Here, 
iΓe is the band width of the eth state; the iΓe term is called the damping constant. hν is 
the energy of the irradiating light. The denominator of the first term, Ee − Em, 
corresponds to the energy gap of the electronic transition. The denominator decreases as 
the energy of the irradiating light increases. When Ee − Em − hν is zero, the 
polarizability aρσ has reached its maximum value. Here, if there is an absorption band in 
the molecule, (M)me and (M)en are different from zero.  
The resonance Raman effect has a particular feature to detect biological 
molecules at a low concentration in a single living cell. Cytochrome c protein plays a 
major role in the mitochondrial electron transport chain.64 In addition, cytochrome c 
triggers the caspase cascade activation inducing cell apoptosis.65,66 Cytochrome c 
displays electronic absorptions around 530 nm;67 therefore, a laser excitation around 530 
nm induces a resonance Raman effect of cytochrome c.30 Using the resonance Raman 
effect, the presence of a reduced form of cytochrome c was confirmed in cells without 
labeling.30, 36 This indicates that the electron transport chain is active during Raman 
measurement. In Chapter 1 and 2 of this thesis, a 532 nm excitation laser was used to 
obtain the Raman spectra of a single cell. These studies also detected resonance Raman 
bands of cytochrome c. Because the resonance Raman intensity of cytochrome c in the 
oxidized form is known to be weak,30, 36 the presence of Resonance Raman bands of 
reduced form of cytochrome c is a marker for active energy synthesis in cells. 
 
5. Spectral analysis  
5.1. Principal component analysis (PCA) 
With the development of a measurement method such as imaging techniques combined 
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with vibration spectroscopy, the obtained spectral data reach a huge size. In addition, 
biological samples are composed of many molecular ensembles. It is usually difficult to 
extract information from the spectra of sample mixtures. The extraction of information 
from data usually starts by visualizing or calculating the general features. For example, 
the average value and standard deviation are calculated, and the distribution type such 
as normal distribution is confirmed. These are important to define the character of the 
data. On the other hand, in vibration spectroscopy cases, the data sets are described by 
many variables (wave number, Raman shift). To display the data sets, over 100 
dimensions would be required. Obviously, it is impossible to visually assess more than 
three-dimensional images; similarly, more than three dimensional plots of data cannot 
be visualized. Chemometrics provides methods for reducing the dimensions of 
multidimensional data into two- or-three dimensional plots. 
 PCA is the most used chemometrics analysis method for spectroscopic analysis. 
PCA is often used for the first analysis of a multivariate data set, providing an overview 
of the data sets, and it is designated to make a visual model based on all the variables. 
When Raman spectroscopic analysis is performed in cells or tissues, PCA is often used 
to detect differences and discriminations of data sets. PCA is applicable without 
preparing a model and/or pure spectra; this is an important characteristic for biological 
samples composed of unknown molecular entities. Let us suppose that we have a data 
matrix A with n rows and m columns, where the rows contain the “objective” variable (e. 
g., number of samples, temperature, pressure), while the columns list the “variables” (e. 
g. wave number, Raman shift). PCA works by projecting the hidden data structure in the 
matrix A to two spaces, which are score and loading (Fig. 2). Let us make a rough 
approximation of the 1st loading p1, which is given by the average spectrum (norm = 1). 
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Then, the 1st score t1 is given as follows: 
𝑡1 = 𝐴𝑝1𝑇 .                                                                                                                                        (1) 
Here, the data matrix A is written as follows: 
𝐴 = 𝑡1𝑝1𝑇 + 𝑅.                                                                                                                               (2) 
R is the residue of A – t1p1
T. The process is repeated to R for obtaining the 2nd 
component. The 2nd loading is chosen as the orthogonal relation to the 1st loading. These 
processes are iterated until the maximum number of “objective” variables.68 Finally, we 
have the following: 
𝐴 = 𝑡1𝑝1𝑇 + 𝑡2𝑝2𝑇 + 𝑡3𝑝3𝑇 + ⋯+ 𝑡𝑚𝑝𝑚𝑇 .                                                                                   (3) 
Here, the p loading vectors are orthogonal to each other.  
 In Chapter 1 and 2, PCA was used to visualize pathways composed of changes 
in chemical composition during cell differentiation. In these studies, the Raman spectra 
of single cells were multivariate data matrixes composed of Raman shift (over 500 
dimensions) and objective variables ranging from several hundreds to a few thousand. 
PCA provides an overview of these multidimensional data by reducing the number of 
dimensions.  
 
5.2. Generalized two-dimensional correlation spectroscopy (G2DCOS) 
In 1993, the theory of G2DCOS was proposed.69-71 G2DCOS has been widely used to 
analyze the spectral intensity variations induced by an external perturbation, including 
changes in concentration, temperature, pH, and pressure. This technique can be applied 
to any type of samples and analytical probes, including infrared spectroscopy, Raman 
spectroscopy, and X-ray diffraction. The general scheme for obtaining the dynamics 
spectra for G2DCOS is shown in Fig. 3. There are many advantages of G2DCOS69, 70: 
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(i) simplification of complex spectra composed of many overlapping peaks and 
enhancement of spectral resolution, (ii) establishment of clear assignments through 
correlation bands, and (iii) truly versatile applicability to any type of spectroscopy and 
any form of analytical techniques.  
The theoretical framework of G2DCOS is shown below. The dynamic spectra 
𝑦�(𝜈, 𝑡) are given as follows:  
𝑦�(𝜈, 𝑡) = �𝑦(𝜈, 𝑡) − 𝑦�(𝜈) for  𝑇𝑚𝑚𝑚 ≤ 𝑡 ≤ 𝑇𝑚𝑚𝑚0 otherwise, .                                                              (1) 
Here, 𝑦(𝜈, 𝑡) is the spectral intensity variation observed as a function of the spectral 
variable 𝜈 over an interval where the external variable t ranges from Tmin to Tmax. As 
the reference spectrum 𝑦�(𝜈) , the time-averaged spectrum is often used. The 
synchronous map Φ(𝜈1, 𝜈2) is given as follows: 
Φ(𝜈1, 𝜈2) = 1𝑇𝑚𝑚𝑚 − 𝑇𝑚𝑚𝑚 � 𝑦�(𝜈1, 𝑡) ∙ 𝑦�(𝜈2, 𝑡)𝑑𝑡𝑇𝑚𝑚𝑚
𝑇𝑚𝑚𝑚
.                                                           (2) 
The asynchronous map Ψ(𝜈1, 𝜈2) is given as follows: 
Ψ(𝜈1, 𝜈2) = 1𝑇𝑚𝑚𝑚 − 𝑇𝑚𝑚𝑚 � 𝑦�(𝜈1, 𝑡) ∙ ?̃?(𝜈2, 𝑡)𝑑𝑡𝑇𝑚𝑚𝑚
𝑇𝑚𝑚𝑚
.                                                           (3) 
Here, we recognize that ?̃?(𝜈2, 𝑡) is the Hilbert transform of 𝑦�(𝜈2, 𝑡), given as follows: 
?̃?(𝜈2, 𝑡) = 1𝜋 𝑝𝑝 � 𝑦�(𝜈2, 𝑡′)𝑡′ − 𝑡∞
−∞
𝑑𝑡′.                                                                                               (4) 
Here, pv is the symbol for the principal value integral. Fig. 4 shows the general scheme 
for G2DCOS, and it shows an example of synchronous and asynchronous maps. The 
synchronous map Φ(𝜈1, 𝜈2) means that the intensities at 𝜈1 and 𝜈2 are synchronously 
increased or decreased. The asynchronous map Ψ(𝜈1, 𝜈2) represents the out-of-phase 
or sequential changes in spectral intensities at 𝜈1  and 𝜈2 . In G2DCOS, one can 
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determine the sequential order of the spectral intensity changes on the basis of the signs 
of the cross peaks in the synchronous map Φ(𝜈1,  𝜈2) and the asynchronous map 
Ψ(𝜈1, 𝜈2).71 The rules for the sequential order decision are summarized as follows:  
i) 𝑦(𝜈1, 𝑡) occurred before 𝑦(𝜈2, 𝑡) if sgn�Ψ(𝜈1,  𝜈2)/Φ(𝜈1,  𝜈2)� = +1  
ii) 𝑦(𝜈1, 𝑡) occurred after  𝑦(𝜈2, 𝑡) if sgn�Ψ(𝜈1,  𝜈2)/Φ(𝜈1,  𝜈2)� = −1. 
iii) If sgn�Ψ(𝜈1,  𝜈2)/Φ(𝜈1,  𝜈2)�  = 0, 𝑦(𝜈1, 𝑡)  and  𝑦(𝜈2, 𝑡)  are completely 
synchronized. 
 In Chapter 3 of this thesis, using G2DCOS, the extraction of important changes 
for distinguishing diseased tissue was investigated. The use of G2DCOS allowed the 
unambiguous detection of band changes in the correlation maps representing the 
differences between the diseased tissue and normal tissue. 
 
6. Abstract of each chapter 
This thesis is composed of four chapters. The main studies of this thesis are described in 
Chapter 1 and 2. The dynamics of chemical components during the differentiation and 
proliferation of single and cell populations, obtained by Raman micro-spectroscopy and 
chemometrics, are discussed in these chapters. The studies presented in Chapter 3 and 4 
are groundwork studies for Chapter 1 and 2 for technical acquisition for Raman analysis 
of the cells. 
In Chapter 1, the differentiation of a MCF-7 cell population was investigated 
by Raman microscopic detection. MCF-7 cells were treated with HRG to induce their 
differentiation. The MCF-7 cells under HRG stimulation were assessed by Raman 
micro-spectroscopy during 12 days. The obtained Raman signals changed over time, 
reflecting the metabolic changes in the cytoplasm. The chemical changes in the Raman 
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spectra were roughly categorized as proteins, lipids, nucleic acids, and cytochrome c on 
the basis of the Raman peaks. The categorized peaks are dynamic over time and show 
an oscillating pattern. It was concluded that the differentiation process is not a 
monotonous pathway. Chemical distribution and dynamics were also observed in the 
PCA space for characterizing the differentiation pathway in a phase space. The 
dynamics of the cell population stimulated during 12 days showed that chemical 
changes circulated in the PC1 and PC2 components. Furthermore, in the PC3 
component, oscillation dynamics were observed. The cells at day 6 could not be 
distinguished from those at day 0 by PCA. The soft independent model of class analogy 
(SIMCA), based on Raman and autofluorescence spectra, was also used to visualize 
differentiation pathways. In the SIMCA results, the cells at day 6 were completely 
separated in comparison with those at day 0. In conclusion, the dynamics of the 
differentiation pathway in a cell population can be detected by Raman and 
autofluorescence spectra with multivariate analysis.  
 In Chapter 2, reflecting the detection of the differentiation pathway in Chapter 
1, intracellular chemical compositions in single cells were traced in the early stage of 
cell differentiation and proliferation induced by growth factors. The obtained 
time-course Raman spectra for MCF-7 cells under stimulation at 0–2 h and 24–26 h 
show the variation in the cytoplasmic chemical composition, and each growth factor 
stimulation condition shows differences in chemical components in comparison with the 
control. To visualize the chemical changes in a single cell and cell population in the 
phase space, PCA was used. For the differentiation process, PC1 and PC2 scores 
increased with time, reflecting increases in metabolite concentrations. For the 
proliferation process, PC scores also increased under EGF stimulation; however, the 
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increases were smaller than those in HRG-stimulated cells. Based on the results and 
assumptions, the “cellular chemical states” in the phase space were defined. The 
time-evolution of the cellular states and the dynamics of single cells in the initial 24 h of 
growth factor stimulation revealed the following: in the differentiation pathway, the 
chemical composition changed directionally and included both reversible and 
irreversible state change. In contrast, in the proliferation pathway, the chemical 
composition was homogenized into a single state. In addition, the differentiation factor 
amplified the fluctuations in the chemical composition, whereas the proliferation factor 
did not. In conclusion, Raman spectroscopy allows to characterize the chemical 
composition in single cells and cell populations during the initial stages of 
differentiation and proliferation.  
 In Chapter 3, an esophageal benign tumor in a rat was investigated by Raman 
micro-spectroscopy and two-dimensional correlation spectroscopy. The benign tumor of 
the esophagus was induced in a rat by N-nitro-methylbuthylamine (NMBA). The line 
profile Raman spectra of the esophageal benign tumor were measured using a 
home-made Raman micro-spectroscope. Biological samples often emit 
auto-fluorescence; therefore, to extract Raman band changes, the auto-fluorescence was 
removed from the Raman spectra by modified polynomial curve-fitting algorithms. To 
detect spectral differences between benign and normal regions, G2DCOS was applied to 
the Raman spectra. In the asynchronous map, at the Amide I band region, a cross-like 
pattern was observed. Based on a simulation study, the cross-like pattern indicated that 
the sharp band component correlated with the benign tumor region. It has been 
concluded from this chapter that G2DCOS with Raman spectroscopic analysis was 
effective in differentiating the benign tumor from the normal tissue of the esophagus. 
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 In Chapter 4, a home-made Raman micro-spectroscope was used to detect the 
pigmentation induced by H2O2 in a human skin model. H2O2 is a substitute for UV 
irradiation to induce pigmentation. Human skin is composed of keratinocytes and 
different melanocyte types (Caucasian, Asian, and Black melanocytes). Caucasian, 
Asian, and Black skin types were chosen for early detection of skin pigmentation 
induced by H2O2. The difference in offset values and Raman bands of each skin type 
was detected around 1580 and 1380 cm−1, corresponding to the eumelanin pigment 
bands. To extract Raman band changes, the baseline of the whole obtained Raman 
spectra was corrected by modified polynomial curve fitting. In the time-course Raman 
spectra, the Raman band intensity of the Caucasian skin model largely decreased 4 days 
after stimulation, whereas the Raman band intensity of the Black skin model remained 
almost unchanged. With regard to the Asian skin model, the spectral changes were 
intermediate between those in the other skin models. Usually, in the skin model, 
pigmentation is only observed at 10–14 days by microscopy. The rapid intensity 
decrease in the Caucasian model is probably related to early changes in pigmentation 
caused by H2O2. In conclusion, different responses to H2O2 stimulation in each skin 
models and early changes in the Raman signals in comparison with those in the control 
are detected by Raman spectroscopy. 
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Figure 1. Schematic representation of cellular chemical states and pathways in the 
cell fate decision 
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Figure 2. The spectral data matrix A and decomposition of the data matrix by the 
outer product of the vectors t and p 
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Figure 3. The schematic representation of general scheme for obtaining the 
dynamics spectra for perturbation-based two-dimensional correlation spectra. 
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Figure 4. General scheme of the generalized two-dimensional correlation 
spectroscopy 
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Chapter 1: Raman and autofluorescence spectrum dynamics 
along the HRG-induced differentiation pathway of MCF-7 
Cells 
34 
 
Abstract 
Cellular differentiation proceeds along complicated pathways, even when induced by 
extracellular signaling molecules. One of the major reasons for this complexity is the 
highly multi-dimensional internal dynamics of cells, which sometimes cause apparently 
stochastic responses in individual cells to extracellular stimuli. Therefore, monitoring 
internal dynamics of cells at single-cell resolution is required for understanding cell 
differentiation. Here, we detected the dynamic changes in the intracellular molecular 
components using a Raman and autofluorescence spectrum analysis of single cells. 
MCF-7 cells are a human cancer-derived cell line that can be induced to differentiate 
into mammary-gland-like cells with the addition of heregulin (HRG) to the culture 
medium. We measured the spectra in the cytoplasm of MCF-7 cells during 12 days of 
HRG stimulation. The Raman scattering spectrum, which was the major component of 
the signal, changed with time. A multicomponent analysis of the Raman spectrum 
revealed that the dynamics of the major components of the intracellular molecules, 
including proteins and lipids, changed cyclically along the differentiation pathway. The 
background autofluorescence signals of Raman scattering also provided information 
about the differentiation process. Using the total information from the Raman and 
autofluorescence spectra, we can visualize the pathway of cell differentiation in the 
multicomponent phase space. 
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1. Introduction 
Cell differentiation is a complicated process that seems to be stochastic, even in clonal 
cells under the same growth conditions.1 One reason for this stochasticity must be the 
complexity of the cellular internal dynamics. The state changes in cells are directed by a 
complex web of intracellular metabolic reactions interacting with the complex gene 
expression network. This complexity allows cells to take multiple states, even under the 
same environmental conditions. Therefore, it is sometimes difficult to regulate the 
differentiation of populations of cells effectively, although it is important to do so in 
many applications, including in regenerative medicine.2 A method must first be 
established to monitor the dynamics of the intracellular components along the pathway 
of cell differentiation. Although various genomic, proteomic, and metabolomics 
technologies can be used for the precise analysis of cellular components, these “omic” 
technologies are invasive and usually only applicable to populations of cells.3 Therefore, 
it is difficult to monitor the intracellular dynamics successively in individual living cells 
with the omic technologies. 
Spectroscopic technologies can be used to complement the omic technologies in 
monitoring cell differentiation pathways because they allow successive measurements 
to be made in single living cells. Spectroscopic measurements potentially provide 
multidimensional information about the many chemical components of living cells with 
low invasiveness especially when long light wavelengths are used to monitor the cells. 
Raman scattering spectroscopy is the most popular spectroscopic technology for the 
detection of differences in the states of living cells and tissues.4 It can use long 
excitation wavelengths and shows good contrast in detecting longer-wavelength signals, 
which can be separated from the excitation light. The greatest advantage of Raman 
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spectroscopy is probably its label-free detection of the multidimensional dynamics that 
reflect the differences between chemical components.5 The acquisition of 
multidimensional data is essential to distinguish the various cellular states requiring no 
prior knowledge or speculation. The problems that arise from the low signals in Raman 
measurements can be overridden rapidly with recent improvements in the detection 
apparatus, including optics and photosensors. 
Spectroscopic technologies can be extended straightforwardly into imaging or 
microscopic measurements. In fact, various cellular states or processes have been 
distinguished and analyzed using Raman microspectroscopy in tissues, single cells or 
sub-cellular volumes.4 For example, structure-specific signals have been detected in 
human skin tissue,6 and cancerous and normal cells are distinguishable in the skin7 and 
lung8 tissues with Raman microscopy. In single cells, Raman spectrum analysis has 
successfully distinguished growth plateau conditions from exponentially proliferating 
conditions.9 Recently, differentiation markers in Raman spectra have been sought 
vigorously by observing undifferentiated and differentiated embryonic stem cells10-12 
and other cell types.13 However, as far as we know, most Raman spectroscopic studies 
have been directed towards static comparisons of two states of cells, until now. Only a 
few studies have investigated the cellular internal dynamics during state changes in cells. 
Huang et al. 200514 examined the spatiotemporal changes in the Raman spectrum during 
the yeast cell cycle and detected a specific Raman band for cells growing under good 
conditions. Their work has clearly emonstrated the power of Raman spectrum imaging 
measurements in detecting the dynamic state transitions in cells. 
As well as Raman scattering, the autofluorescence of cellular components carries 
information about the cellular internal dynamics.15 Autofluorescence microspectroscopy 
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is another label-free multidimensional spectroscopic technology that can be naturally 
extended to allow imaging measurements to be made. It has been used for imaging 
tissues16 and in cancer diagnosis.17 Autofluorescence imaging can also be used for the 
detection of functions of tissues18 and cells19. In this study, using the microspectroscopic 
detection of both Raman and autofluorescence signals, we traced the heregulin 
(HRG)-induced differentiation pathway of MCF-7 cells. HRG is a small cell-signaling 
protein that is responsible for the development of various tissues of vertebrates.20 HRG 
induces the differentiation of the MCF-7, a human-breast-cancer-derived cell line, into 
mammary-gland-like cells, which are characterized by the formation of oil drops and 
albumin secretion.21 We detected and characterized the multidimensional dynamics of 
the metabolic components inside the cells during the HRG-induced differentiation 
pathway of MCF-7 cells. In this study, we concentrated on the multidimensional 
dynamics of the metabolites in the cell population. Therefore, we described the cell 
differentiation pathway in a phase space defined by the Raman and autofluorescence 
spectra. It is well known that cellular responses usually show wide variations, so we 
concentrated here on the distribution of the dynamics of single cells. If we can 
successfully describe the population dynamics in a phase space, this description can be 
extended to single-cell dynamics in the future. 
 
2. Materials and methods 
2.1. Cell culture and sample preparation 
MCF-7 cells (obtained from the American Type Culture Collection) were maintained in 
Dulbecco’s minimal Eagle’s medium supplemented with 10% fetal calf serum at 37 °C 
in 5% CO2. The cells were transferred to a 35-mm cell culture dish with a quartz cover 
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slip on the bottom (SF-S-D27, Fine Plus International, Kyoto, Japan) for 
micro-spectroscopy. Lyophilized powder of recombinant human 
neuregulin1-² 1/heregulin1-² 1 EGF domain (HRG) was purchased from R&D Systems 
(Minneapolis), dissolved in PBS, and added to the culture medium with 1/60 dilution 
(final concentration of 30 nM) to induce cell differentiation. The culture medium 
containing HRG was refreshed every two days. Phase-contrast micrographs of the cells 
were acquired with an inverted optical microscope (CK40, NIKON, Tokyo, Japan) 
equipped with a 20× phase-contrast objective and a digital camera. 
 
2.2. Micro-spectroscopy 
Two days before the measurements were made, the cell culture medium was exchanged 
for medium without phenol red. Just before the measurements were made, the cells were 
washed with Hanks’ balanced salt solution containing 10 mM PIPES-Na (pH 7.2; 
HBSS–PIPES). HBSS-PIPES shows no significant background signal in the 
wavelengths we observed in this study. The Raman and autofluorescence spectra of the 
cells were measured in HBSS–PIPES with a confocal Raman microscope (inVia, 
Renishaw, Gloucestershire, UK), using an upright microscope equipped with a 63× 
dip-type water-immersion objective, NA = 0.9 (HCX APO LU-V-1, Leica, Wetzlar, 
Germany).  
The cell cytoplasm was irradiated with a diffraction-limited spot from a 
532-nm laser (7.4 mW after the objective). The spatial resolutions are 1 µm in lateral 
and 3–4 µm in focal directions. The positions of the measurements were selected 
randomly in the cytoplasm. Evident oil droplets and other organelles were avoided, 
though it is possible that some small droplets presented in the measurement volumes. 7–
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24 spots in 3–5 cells were obtained in the cultures at each day of differentiation. Spectra 
from 7 spots on each day for 5 cells without HRG treatment were also obtained as the 
control. The emission from the excitation spot was selected with a confocal slit, 
diffracted with a grating (1800 lines/mm) and accumulated for 30 s on a 576 × 384 pixel 
cooled CCD sensor. The spectral resolution of the system is 1.7 cm-1 according to the 
manufacture. Calibration of the wavelength was done using silicon substrate. 
Ununiformity of the detector response was not corrected but less than 5% over the 
observation wavelength.  
Illumination with the excitation laser might cause certain damages on cells, 
even though the irradiation power and period used in this study were in the range of 
those used in the previous studies.8, 22, 23 To avoid possible photo-damage effects, 
independent cell cultures were used for the measurements of different days of 
differentiation. Densities of cells were regulated to be about 70% of confluent. Cells in 
day 0 were in the steady state of log-phase growth condition. 
 
2.3. Data analysis 
After subtraction of the dark current, the Raman scattering and autofluorescence signals 
were separated in each spectrum, as shown in the Supporting Materials (Fig. 7). The 
Raman spectrum was vector normalized for the signals from 560 to 1790 cm–1. The 
signals had 616 points (2 cm–1/point). A multivariate analysis of the spectra was 
performed using MATLAB (The MathWorks Inc., Natick) and The Unscrambler 9.8 
(CAMO Software, Tokyo, Japan). 
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3. Results 
3.1. Measurement of the Raman and autofluorescence spectra along the 
differentiation pathway of MCF-7 cells 
MCF-7 cells were cultured with a continuous supply of HRG in the culture medium to 
induce their differentiation. Phase-contrast micrographs of the cells were acquired along 
the differentiation pathway (Fig. 1). The accumulation of small oil droplets in the 
cytoplasm was observed in a small population of cells after HRG treatment for 1–3 days 
(Fig. 1B, C) and oil droplets were evident around the nucleus in most cells after six days 
of treatment (Figs. 1D, E and 8). 
To detect the changes in the metabolite components of the cell cytoplasm 
during the differentiation process, the photo-excited emission spectra were measured 
with a confocal microspectrometer in cells before HRG stimulation (day 0), and after 
HRG stimulation for 1, 3, 6, and 12 days. No measurements were made at sites clearly 
containing oil droplets or other vesicles in order to detect the changes in the cytoplasmic 
solution. Spectra were obtained from ~1 µm3 of the confocal volume excited by a 
diffraction-limited 532-nm laser spot (Fig. 2A). After accumulation of emission for 30 s, 
a spectrum with an appropriate signal to noise ratio was obtained for further analysis 
(Fig. 2B). Most of the acquired signals were characteristic of the Raman scattering 
peaks of the metabolites. The spectra also contained a low-frequency background signal, 
probably caused by cellular autofluorescence. In each raw spectrum, 16 points at which 
Raman signal was small were selected (the wave numbers were 560, 656, 710, 738, 772, 
800, 906, 994, 1014, 1140, 1192, 1388, 1518, 1728, 1772, and 1790 cm–1). The Raman 
and autofluorescence signals were separated with respect to these 16 points (see Fig. 7 
for the details of Raman and autofluorescence separation). The Raman, 
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autofluorescence, and entire spectra were vector normalized at 560–1790 cm–1 and used 
for further analysis (Figs. 2C, D). 
 
3.2. Changes in the chemical components detected from Raman spectra 
The normalized Raman spectra were averaged for each day of differentiation (Fig. 3A), 
and the difference spectra relative to the average spectrum on day 0 were calculated 
(Fig.3B). The average spectrum changed with the days of differentiation, and we could 
assign some of the peaks to specific chemical components, including nucleic acids, 
proteins, lipids, carbohydrates, and cytochrome c, based on previous reports.8, 10, 14, 24-26 
The resonance Raman bands of the heme attached to the cytochrome c protein can be 
separated specifically from those of the other chemical components of cells by 
excitation at 532 nm.8 As shown in the difference spectra, the fractions of many of the 
chemical components of the cells changed dynamically, with individually specific 
patterns. The dynamics of the major Raman peaks could be categorized roughly into 
several groups (Fig. 3C). Changes of spectrum from cells without HRG treatment were 
small (Fig. 3D, E). 
Although the separations were incomplete because the Raman peaks derived 
from different chemical species overlapped, nucleic acids, lipids, carbohydrates, and cyt 
c generally showed specific dynamics for each individual category of chemical 
components: Signals largely specific for nucleic acids increased on day 1, then 
decreased on day 3, and increased again on day 12 (Fig. 3Cb). The cyt c fraction 
showed dynamics similar to those of nucleic acids, but the fraction on day 12 was small 
(Fig. 3Cc). The lipid and carbohydrate fractions were small in the early days of 
differentiation but increased in the middle period of the differentiation pathway (Fig. 
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3Cd, e). After the middle period, the lipid components were probably transferred to the 
large oil droplets excluded from the measurement. The dynamics of the protein fractions 
showed large variations as expected from the different roles of each species of protein. 
From these oscillating patterns of change in the metabolite fractions, it can be concluded 
that differentiation takes a complicated pathway with time, rather than a straightforward 
one, from the perspective of the cytoplasmic metabolite composition. 
 
3.3. Principal component analysis of the Raman spectra 
To characterize the differentiation pathway in a phase space, principal components 
analysis (PCA) was used, based on all the individual Raman spectra taken at different 
times and in different spaces (Fig. 2D). The loadings of the first six components and the 
distribution of the contribution ratios are shown (Fig. 4). About 16% of the information 
on the cellular dynamics was contained in the first three principle components (PC1–
PC3; Fig. 4B). Although the higher-order components still contained extra information, 
the loadings for components higher than the third order were noisy. Therefore, for 
simplicity, we concentrated on PC1–PC3. 
 
3.4. Cell differentiation dynamics described in the Raman spectrum phase space 
The PC1 and PC2 scores for individual spectra were plotted in a two-dimensional phase 
space (Fig. 5A). Interestingly, all the spectra were distributed in a triangular area, the 
bottom edge of which was parallel to the PC1 vector, and most of the spectra were 
aligned along the three edges of the distribution. We noted that the three vertices of this 
triangular distribution were characterized by the spectra each of which were enriched 
with protein, lipid, or water signals, respectively, i.e., the spectra in the middle-PC1 and 
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high-PC2 region were rich in protein signals, those in the high-PC1 and low-PC2 region 
were rich in lipid signals, and those in the low-PC1 and low-PC2 region were rich in 
water signal (Fig. 5B). Furthermore, the spectra for each day of differentiation showed a 
tendency to distribute to only one or two edges of the entire distribution (Fig. 5A): The 
distribution on day 0 was on the two oblique edges, indicating protein-rich states. On 
day 1, the distribution moved to the oblique edge opposite the lower right vertex, 
indicating a reduction in the lipid fraction. On day 3, the spectra were distributed on two 
edges, the upper left and bottom, and on day 6, the distribution returned to the upper 
right edge. The distribution on day 12 was mainly on the upper left edge. As shown here, 
the changes in the fractions of chemical components circulated in this phase space in the 
counter clockwise direction, i.e., along the differentiation pathway, the lipid fraction 
decreased first, followed by reductions in protein, and then a decline in the water 
fraction. In the last stage, another reduction in the lipid fraction occurred. 
The dynamics of PC3 were also not unimodal (Figs. 5C and 9). Compared with 
the scores on day 0, a fraction of cells showed lower scores on days 1 and 6 and higher 
scores on days 3 and 12. Thus, the distribution of the PC3 scores oscillated along the 
differentiation pathway in a different phase from those of the PC1 and PC2 scores.  
As shown here, the differentiation dynamics in MCF-7 cells can be 
characterized in a three-dimensional phase space of PC1–PC3 of the Raman spectrum. 
Despite of large cell-to-cell deviations on each day of differentiation, the 
well-differentiated population (day 12) was largely separated from the population of 
undifferentiated cells (day 0). However, because of the cyclic or oscillating nature of the 
Raman dynamics, it was hard to distinguish all the intermediate stages in the 
differentiation pathway from the undifferentiated state based only on the Raman spectra. 
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The distributions on day 6 showed especially large overlaps with those on day 0 for 
every PC1–PC3 score, although once the distributions were well separated on day 3 
from those on day 0. Therefore, it was difficult to distinguish undifferentiated cells from 
medially differentiated cells based on the cytoplasmic Raman spectra. Separation of the 
spectra on day 0 from those on day 6 was not easy even when higher components of the 
Raman spectra were considered as shown in the residue values of SIMCA analysis (Fig. 
10). 
 
3.5. Analysis using the entire information from single cell spectra 
We then analyzed the entire information of the spectra, without autofluorescence 
subtraction. The spectra were vector normalized before the analysis (Fig. 2C). The 
low-frequency changes at the baseline of the Raman signals suggest that the baseline 
was mainly composed of autofluorescence signals. Some biologically important 
metabolites including NADH, FAD, and oxidized lipids emit fluorescence in the visible 
wavelengths. Autofluorescence signals from these molecules carry information about 
the cellular metabolic states. To visualize all the information in the Raman and 
autofluorescence spectra to trace the differentiation pathway, a soft independent 
modeling of class analogy (SIMCA) method27 was used (Figs. 6 and 10). The spectra 
obtained on day 0 were used as the model data in the SIMCA analysis. In the SIMCA 
plot using both Raman and autofluorescence information, the spectra on day 0 and day 6 
were almost completely separated. The spectra for day 12 were distributed in an almost 
completely different region from those for day 0 and day 6. 
Therefore, the undifferentiated (day 0), medially differentiated (days 1–6), and 
well-differentiated (day 12) states could be distinguished in the SIMCA plot. Among the 
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medially differentiated states, the spectra on day 1 and day 3 were well separated, but 
the spectra on day 6 had returned to a region similar to that occupied on day 1. This 
seemed to be caused by the oscillating PC3 of the Raman dynamics (Fig. 5C). However, 
by observing the PC1 and PC2 components of the Raman dynamics, day 1 and day 6 
could be distinguished (Fig. 5A). SIMCA plots for the autofluorescence spectra (Fig. 
11) were similar to those for the entire spectra (Fig. 6). Thus, looking sterically the 
phase spaces of Raman and autofluorescence spectra, intersections in the HRG-induced 
differentiation pathway of the MCF-7 cells at day 0 and 6 in the Raman phase space 
(Fig. 5A) and at day 1 and 6 in the autofluorescence phase space (Fig. 11) were 
separated to show a differentiation pathway without looping. On both the leverage and 
residue axes in the SIMCA plot, the spectra on day 6 showed large deviations compared 
to those on the other days, and the distribution on day 3 was separated into two fractions, 
suggesting diversified pathways of cell differentiation (Fig. 6B). 
 
4. Discussion 
In this study, we followed the HRG-induced differentiation pathway of MCF-7 cells by 
measuring the single-cell photo-excited emission spectra including the Raman and 
autofluorescence components. The aim of this study is to characterize the dynamics of 
cell differentiation pathway in the multicomponent space determined from the 
single-cell spectra. This would be basic information in understanding cellular internal 
dynamics for differentiation. The Raman spectrum measurements of single living cells 
successfully detected characteristic changes in the chemical components along the 
differentiation pathway of a population of MCF-7 cells. The fractions of various 
components in the cytoplasm of cells, including the nucleic acids, proteins, 
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carbohydrates, and lipids, changed dynamically. These dynamics could be categorized 
into several different patterns, and no pattern showed a monotonous increase or decline. 
Related to this result, the pathway of differentiation was not straight in the PC1/PC2 
space of the Raman spectra. Instead, the fractions of the major cytoplasmic components, 
including proteins and lipids showed cyclic changes. The autofluorescence background 
of the Raman spectra also contained information about the differentiation dynamics. 
Using the entire information from the spectra, the differentiation dynamics of the 
MCF-7 cells were characterized well in multi-component phase spaces.  
Both the Raman and autofluorescence spectrum analyses revealed that, in the 
major PC space, the distributions of cell population on each single day were wide, and 
the width of the distribution was sometimes larger than the distances between the 
averages for cells observed on different days of the differentiation pathway. These large 
fluctuations might be partly caused by the positional specificities of the spectra in single 
cells. In our recent measurements, however, we observed similarly wide cell-to-cell 
fluctuations, even after we averaged the spectra across 15 different positions in the 
cytoplasm of individual cells (Sota Takanezawa, Shin-ichi Morita, Yukihiro Ozaki and 
Yasushi Sako, in preparation). Therefore, it is plausible that the cellular chemical 
components show large variations, even among clonal cells under the same culture 
conditions. This result confirms the importance of single-cell measurements. There 
might be multiple tracks in the differentiation pathway in terms of the intracellular 
chemical components. It is at least highly likely that individual cells proceed along the 
differentiation pathway at various speeds. These effects might split and widen the 
distributions on a single day (Fig. 6B). The rather small contribution ratios of the first 
three components (PC1–PC3) in the PCA reflect the large cell-to-cell and day-to-day 
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variations in the Raman spectra. 
Genome-wide studies of the changes in gene expression in MCF-7 cells in the 
early stage (until 72 hours) of the HRG-induced differentiation pathway have been 
performed.28, 29 Increases in the messenger RNA levels of some transcription factors, 
including c-FOS, EGR4, and FOSL1, began after only 1–2 hours of stimulation with 
HRG. After 2–8 hours of stimulation, other early transcription factors, FHL2 and DIPA, 
showed their peak expression. These transcription factors induced the transcription of 
the immediately response genes mainly during 1–12 hours. At 24 hours, the expressions 
of the early transcription factors returned to the pre-stimulation levels, and the 
expression of a largely different set of genes from that observed during the first day was 
stimulated. If we assume a delay of 1–2 days from gene expression to metabolite 
synthesis and degradation, the switching in the gene expression pattern observed 
between the first and the second day of HRG-stimulation seems to relate to the 
metabolite dynamics detected with Raman spectroscopy, which showed two peaks for 
the different components on day 1 and day 3 (Fig. 3C). However, due to highly 
multicomponent regulation of gene expression even under single transcription factors, 
together with the low resolution of Raman spectroscopy in the species of chemical 
compounds, it is difficult to correlate dynamics of specific elements in the genome and 
spectroscopic analyses. We could not find genome analyses after 72 hours.  
We found that like the Raman signals, the autofluorescence signals carried 
information about cell differentiation. The emission wavelength in our spectroscopic 
measurements was in the region of 550-590 nm. The major compounds of cells that 
show fluorescence emission in this region are FAD, NADH, and lipofuscin. FAD and 
NADH are involved in energy metabolism and the redox state of the cells. Lipofuscin is 
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a metabolite formed by the hyperoxidation of unsaturated lipids. The gene expression 
newly stimulated by HRG, which induces changes in metabolic pathway and oil drop 
formation, can cause dynamic changes in these fluorescent metabolites. A SIMCA 
analysis of the total photo-exited emission spectra showed increased diversity in the 
middle stages (days 3 and 6) of cell differentiation (Fig. 6B). This diversification was 
not evident in the SIMCA analysis of the Raman spectra (Fig. 10), suggesting that it was 
mainly caused by differences in the energetic and/or redox states of individual cells (Fig. 
11). Therefore, it is possible that the states of cells can be diverse even when the 
proportions of their chemical component are similar. 
In the present study, the dynamics of the differentiation pathway in a 
population of cells were observed. In principle, these Raman and photoluminescence 
analyses can be extended to investigate the dynamics of cell differentiation and other 
fate transition pathways in single cells. To achieve this extension, we must solve many 
problems that exist with long-term cell culture and measurements made under a 
microscope. Even if photo-damages can be avoided during spectrum acquisitions by 
using low-light illumination and highly sensitive detectors, it still be difficult to 
establish stable cell culture conditions and automatic cell tracking in the long term (e.g., 
for a week or more) under a high-resolution microscope to observe the cell 
differentiation pathway. If we resolve these problems, we can discuss how single-cell 
fates diverge under the same environmental conditions, producing individual and robust 
cell fate decisions. 
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Figure 1. HRG-induced differentiation of MCF-7 cells 
Phase-contrast micrographs of the differentiation process in MCF-7 cells in the presence 
of 30 nM HRG. Oil droplets in the cytoplasm are recognizable by their high refractive 
indices. Oil droplets are clearly present around the nuclei in cells after HRG stimulation 
for 6 days (arrows). Micrographs were taken before (A), and after 1 (B), 3 (C), 6 (D), 
and 12 days (E) of HRG stimulation. Bar: 20 µm. 
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Figure 2. Measurement of photo-excited emission spectra in the cytoplasm of single 
cells 
(A) Scattering of the excitation laser beam (532 nm) is shown in the cytoplasm of an 
MCF-7 cell (arrow). (B) Raw spectra from the cytoplasm of cells obtained with a 
confocal micro-spectrometer. Randomly selected 25 spectra are shown from the 243 
total spectra obtained from cells on various days of differentiation. The accumulation 
time was 30 s. (C) The spectra after vector normalization of (B) are shown. (D) The 
Raman spectra after autofluorescence subtraction from (A) (see Fig. 7 for details) and 
vector normalization are shown. 
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Figure 3. Changes in the chemical components of the cytoplasm 
(A) Average Raman spectra during the period of HRG stimulation. Days of HRG 
treatment are indicated. (B) Differences in the average spectra on the indicated days 
with respect to the average spectrum on day 0. (C) Dynamics of individual chemical 
components. The dynamics were categorized into seven classes (a–g). These plots were 
made after normalization over time at individual wavenumbers. Error bars indicate 
standard errors. C, carbohydrates; cyt, cytochrome c; L, lipids; N, nucleotides; P, 
proteins (see Table 1 for assignments). (D, E) Average (D) and difference (E) spectra of 
cells without HRG treatment. In panels (A, B, D, E), the black lines and gray regions 
indicate the averages and the widths of the standard errors, respectively. The baselines 
of individual spectra were shifted for convenience of visualization. In panels (A, D), 
numbers in parenthesis (m : n) indicate the numbers of spectra (m) obtained on each day 
from (n) cells. 
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Figure 4. Principle components in the Raman spectra 
(A) Loadings for the first six principle components (PC1–PC6) of the Raman spectra 
are shown. PCA was performed based on all 243 single-spot Raman spectra. (B) 
Distribution of the contribution ratios of the PCA loadings. 16% of the overall spectral 
20 information was expressed in PC1–PC3. Inset is the log–log plot of the fractions of 
the first 100 components. 
  
56 
 
 
Figure 5. Raman dynamics of cell differentiation 
(A) Plots of all Raman spectra in the PC1/PC2 plane. Each panel refers to the spectra 
obtained on the indicated day of differentiation (solid dots represent the indicated day 
and open dots represent the other days, for comparison). (B) Three characteristic spectra 
in the PC1/PC2 plane. The positions of the spectra in the PC1/PC2 plane are indicated 
by arrows in (A). Spectra I–III are rich in proteins, lipids, and water, respectively. (C) 
Changes in the PC3 scores plotted in the PC2/PC3 plane with the days of differentiation 
(see Fig. 9 for the plots in the PC1/PC3 plane). 
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Figure 6. Dynamics of cell differentiation described by the SIMCA method 
(A) The total spectra (including Raman and autofluorescence signals; Fig. 2C) were 
analyzed with the SIMCA method using the spectra on day 0 as the model (see Fig. 10A 
for the concept of the SIMCA method). Each panel refers to the spectra obtained on the 
indicated day of differentiation (solid dots represent the indicated day and open dots 
represent the other days, for comparison). (B) Distributions of leverage and residue 
values are plotted with the period of HRG treatment. Lines show the changes in the 
average. Numbers are coefficients of variation (CV), showing the relative variations to 
the averages. 
  
58 
 
 
Figure 7. Pretreatments of the photoluminescence spectrum for Raman spectrum 
analysis 
Dark count of the photo-detector was subtracted prior to the acquisition of raw 
photoluminescence spectra (Fig. 1C in text). In each raw spectrum, 16 points at which 
Raman signal was small were selected (the wave numbers were 560, 656, 710, 738, 772, 
800, 906, 994, 1014, 1140, 1192, 1388, 1518, 1728, 1772, and 1790 cm-1). Raw signals 
at these points were connected linearly as the background autofluorescence spectrum. 
(A) A typical raw spectrum (line) and its autofluorescence background spectrum (dotted 
line) are shown. After subtraction of the autofluorescence spectrum from the raw 
spectrum, the remaining spectrum was vector normalized for 616 points (2 cm-1/pint) 
from 560 to 1790 cm-1 (Fig. 2C). The normalized spectra were used for Raman 
spectrum analysis. (B) Randomly selected 25 spectra after autofluorescence subtraction 
(before vector normalization) are shown among total 243 spectra obtained from cells at 
various days of differentiation. (The same set of spectra as shown in Fig. 2 is shown.) 
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Figure 8. Staining of oil droplets in the cytoplasm of differentiated MCF-7 cells 
Cells at indicated days of HRG treatment were stained with BODIPY (Invitrogen) 
using the Adipocyte 
Fluorescent Staining kit (Primary Cell, Sapporo, Japan). The upper rows show phase 
contrast images. The lower rows show fluorescence images acquired at 470–490 nm 
excitation and 520–550 nm emission wavelengths at the same observation fields in the 
upper rows. The high refractive index droplets detected in the phase contrast images 
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were oil droplets stained with BODIPY. Cells not stained with BODIPY had no high 
refractive index droplets. Cells shown in day 12 (–HRG) were not incubated with HRG 
but with the same amount of PBS (solvent for HRG). No droplet was observed both in 
phase contrast or fluorescence images in cells without HRG treatment. Bar: 50 µm. 
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Figure 9. Raman dynamics of cell differentiation in PC1/PC3 plane 
Changes of PC3 scores with days of differentiation were plotted in PC1/PC3 plane. 
Each panel is for the spectra obtained at the indicated day of differentiation (solid dots 
are for the indicated day, and open dots are for other days for comparison). Oscillation 
of the PC3 scores is observed with time. 
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Figure 10. SIMCA analysis and its application to the Raman spectra 
(A) To visualize cell differentiation dynamics using entire information in the obtained 
spectrum, soft independent modeling of class analogy (SIMCA) method was used.27 
SIMCA method visualizes multi-component data in a two-dimensional plane. We used 
spectra obtained at day 0 as the model spectra. For the model spectra, principle 
component analysis (PCA) was carried out, and a hyperplane was determined by PC1–
PC4 vectors for the total spectra (Fig. 6), while PC1–PC3 vectors were used for the 
Raman spectra (Fig. 10B), to calculate the SIMCA plot. Averages of PC scores for the 
model spectra were set to the coordinates of the origin in the hyperplane. For individual 
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spectra (not only for the model spectra but for all obtained spectra), absolute distance 
from the origin along the hyperplane was calculated as the leverage value. The distance 
(absolute value) to the hyperplane from the spectrum was calculated as the residue value. 
The values of leverage and residue were plotted in a two-dimensional plane (SIMCA 
plot). Because SIMCA calculates absolute values for both leverage and residue, it 
detects difference from the average of model spectra but not detects direction of the 
changes. Difference in the leverage axis roughly means difference of the fractions of 
major chemical components observed at day 0. Difference in the residue axis roughly 
means difference in the fractions of minor components and/or appearance of new 
components. (B) SIMCA plot of Raman spectra at the indicated days (solid dots are for 
the indicated day, and open dots are for other days for comparison). Values of residue 
changed back and force with time, but changes of leverage were not evident. 
Distributions of the spectra at day 0 and day 6 were different but not well separated. (C) 
Distributions of the leverage and residue values are plotted with time of HRG treatment. 
Lines show changes of the average. Numbers are CV (coefficient of variation) values to 
show the relative variations to the averages. 
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Figure 11. SIMCA analysis of the autofluorescence spectra 
SIMCA plot of the autofluorescence spectra at specific days (solid dots represent the 
indicated day, and open dots represent other days for comparison). The hyperplane for 
the SIMCA plot was made by PC1 and PC2 of the autofluorescence data. The result was 
similar to that observed using the entire spectra (Fig. 6 in text) but with worse 
separation between day 0 and day 1. 
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Table 1. Assignments of chemical components in Raman spectrum 
Raman Shift(cm-1) DNA/RNA1 Proteins1 Lipids1 Carbohydrates1 Cytochrome c2 
602 
    
resonance Raman 
620 
 
C-C twist Phe 
   
642 
 
C-C twist Tyr 
   
716 
  
CN+(CH3)3 str 
  
748 
    
resonance Raman 
782 U, C, T ring br 
    
810 O-P-O str RNA 
    
828 O-P-O asym str ring br Tyr 
   
852 
 
ring br Tyr 
   
876 
  
C-C-N+ sym str C-O-H ring 
 
936 
 
C-C BK str α-helix 
 
C-O-H glycos 
 
980 
 
C-C BK str β-sheet C=H bend 
  
1002 
 
sym ring br Phe 
   
1030 
 
C-H in-plane Phe 
   
1082 PO2
- str 
 
chain C-C str C-O, C-C str 
 
1128 
 
C-N str 
 
C-O str resonance Raman 
1156 
 
C-C/C-N str 
   
1174 
 
C-H bend Tyr 
   
1208 
 
C-C6H5 str Phe, Trp 
   
1250 T,A amide III #NAME? 
  
1302 
  
CH2 twist 
  
1312 
    
resonance Raman 
1318 G CH def 
   
1338 A, G CH def 
 
CH def 
 
1448 G, A CH def CH def CH def CH def 
 
1574 G, A 
    
1584 
    
resonance Raman 
sym, syummetrical; aym, antisymmetrical; BK, backbone; br, breathing, def, 
deformations; in-plane, in-plane deformation; str, stretching 
1 Parker, F. S. (1983), Takai, Y., et al. (1997), Notingher et al. (2004), Huang, Y.-S. et al. 
(2005) 
2Hu, S. et al. (1993), Ohshima et al (2010) 
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This chapter was referenced from S. Morita*, S. Takanezawa*, M. Hiroshima, T. Mitsui, 
Y. Ozaki, and Y. Sako, ‘Raman and Autofluorescence Spectrum Dynamics along the 
HRG-induced Differentiation Pathway of MCF-7 Cells’, Biophys. J. 107 (2014) 
2221-2229.   
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Chapter 2: Raman spectrum dynamics of single cells in the 
early stages of growth factor stimulation 
  
68 
 
Abstract 
Cell fates change dynamically in response to various extracellular signals, including 
growth factors that stimulate differentiation and proliferation. The processes underlying 
cell fate decisions are complex and often include large cell-to-cell variations, even 
within a clonal population in the same environment. To understand the origins of these 
cell-to-cell variations, we must detect the internal dynamics of single cells that reflect 
the changing chemical milieu inside single cells. In this study, we used the Raman 
spectra of single cells to trace their internal dynamics during the early stages of growth 
factor stimulation. This method allows nondestructive and inclusive time-series analyses 
of the chemical compositions of the same single cells. Applying a Gaussian mixture 
model to the major principal components of the single-cell Raman spectra, we detected 
the dynamics of the chemical states in MCF-7 cancer-derived cells in the absence and 
presence of differentiation and proliferation factors. The dynamics displayed 
characteristic variations according to the functions of the growth factors. In the 
differentiation pathway, the chemical composition changed directionally between 
multiple states, including both reversible and irreversible state transitions. In contrast, in 
the proliferation pathway, the chemical composition was homogenized into a single 
state. The differentiation factor also stimulated the fluctuations in the chemical 
composition, whereas the proliferation factor did not. 
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1. Introduction 
The morphologies and functions of cells change dramatically through proliferation and 
differentiation during the developmental processes. These changes are supported by 
intracellular reactions among many species of biological molecules, which generate 
complicatedly diversified developmental pathways within populations of cells.1 In 
addition, there are large cell-to-cell variations in these developmental processes, even 
under the influence of similar extracellular cues. These variations can even be observed 
in model systems of clonal cells under the same culture conditions.2 Some of these 
variations are attributable to the intrinsically stochastic nature of chemical reactions, and 
others are determined by differences in the initial and boundary conditions of individual 
cells before they are affected by extracellular cues. Although the detection of 
intracellular dynamics is essential if we are to understand and control cellular behaviors 
including these variations, we have yet to perfect a technology to detect the complex 
and individual intracellular dynamics within the whole chemical milieu inside cells 
along the pathways of cellular events. Current genomic, proteomic, and metabolomic 
technologies can detect cellular components with very fine and multicomponent 
resolution.3,4 However, these technologies are destructive and cannot trace the dynamics 
in single cells over time. Most fluorescence imaging technologies, which are currently 
very popular, are insufficient to make multidimensional measurements and require prior 
knowledge to determine the target molecules.5 
 Raman micro-spectroscopy is a technology that complements the “omic” 
technologies and conventional fluorescence microscopy.6 From the Raman spectra 
obtained from single cells, we can detect the cell-to-cell distributions and/or time-series 
changes in the chemical compositions of the cells. The Raman signals are derived from 
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the inelastic light scattering caused by the interactions between molecular vibrations and 
light. The spectrum of Raman signals carries information about the compositions of 
chemical species, including proteins, nucleic acids, carbohydrates, and lipids, in a 
biological specimen.7,8 Importantly, Raman spectra provide highly multidimensional 
information noninvasively and without labeling. These features allow Raman 
spectroscopy to be applied to various medical and biological research fields. At the 
tissue level, Raman spectroscopy has recently been used for melanoma diagnosis,9 to 
detect differences in the chemical components of bone-like cells,10 and to discriminate 
between cancerous and normal cells in the skin.11 In single cells, Raman imaging has 
been used to observe the differentiation of mouse12, 13 and human embryonic stem 
cells,14, 15 to determine the differences between human skin fibroblast cells and the 
induced pluripotent cells derived from them,16 and to investigate the apoptosis of human 
epithelial cells.17, 18 Although only a few studies have used Raman spectroscopy for 
single-cell time-series analyses, a multivariate Raman spectral analysis of the yeast cell 
cycle19 and coherent anti-Stokes Raman scattering imaging of hormone-stimulated 
adipocyte lipolysis20 have demonstrated that these techniques are useful for detecting 
the dynamics of the chemical compositions of single living cells. 
 We have used Raman micro-spectroscopy to study the differentiation process 
of the MCF-7 human breast cancer cell line,21 a model of cell fate changes, because 
MCF-7 cells can be stimulated by heregulin (HRG) to differentiate or by epidermal 
growth factor (EGF) to proliferate. The differentiation induced by HRG is 
morphologically characterized by the appearance of oil droplets in the cytoplasm. The 
cell-surface receptors for HRG (ErbB3 and B4) and EGF (ErbB1) all belong to the same 
ErbB family and activate the intracellular RAS-MAPK pathway. However, because 
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HRG and EGF induce cell fate changes in different directions,22,23 MCF-7 cells provide 
a good experimental system in which to compare the cell differentiation and 
proliferation pathways. Genomic23,24 and biochemical analyses25 of the 
growth-factor-induced fate decisions in MCF-7 cells have already been reported. Using 
Raman micro-spectroscopy, we observed the cyclic and oscillating dynamics of the 
cellular chemical compositions of a population of cells during the HRG-induced 
differentiation process.21 
In this study, we used Raman micro-spectroscopy to follow the time course of 
the chemical composition of the cytoplasm in the same single MCF-7 cells in the early 
stages of HRG or EGF stimulation. Our results indicate that the chemical compositions 
of single cells fluctuate dynamically in tens of minutes, even under resting conditions, 
and that the dynamics of the major chemical components after stimulation with HRG 
are more diverse than those in resting cells or EGF-stimulated cells. Although these two 
stimulants use the same RAS-MAPK signal transduction pathway, the cellular responses 
to the differentiation and proliferation pathways are significantly different. 
 
2. Materials and methods 
2.1. Cell culture and sample preparation 
The human breast cancer cell line MCF-7 (obtained from the American Type Culture 
Collection) was maintained in Dulbecco’s modified Eagle’s medium supplemented with 
10% fetal bovine serum at 37ºC under 5% CO2. The cells were subcultured on 35 mm 
cell culture dishes with a quartz cover slip on the bottom (SF-S-D27, Fine Plus 
International, Kyoto, Japan), for Raman micro-spectroscopy. The cells were rinsed 
twice with Hank’s balanced salt solution containing 10 mM PIPES-Na (pH 7.2; 
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PIPES-HBSS) and incubated at 25ºC for 30 min in PIPES-HBSS before the Raman 
measurements were made. To stimulate cell differentiation or proliferation, 30 nM 
recombinant human HRG (NRG1-beta1/HRG1-beta1 EGF domain, R&D Systems, 
Minneapolis, MN) or 15 nM murine recombinant EGF (PeproTech, Rocky Hill, CT) 
was added to the culture medium, respectively. For measurements made during the first 
2 h (0–2 h) of stimulation, the growth factors were added to the medium under the 
microscope immediately before the second measurement was made (time 0), and 
successive measurements were made until the cells had been stimulated for 2 h. For 
measurements made from 24 to 26 h of the stimulation period, the cells were cultured in 
the presence of the growth factor for 23.5 h, then washed and measured in the presence 
of the growth factor from 24 to 26 h. The cells in the resting condition were measured 
for 2 h in PIPES-HBSS in the absence of the growth factor.  
 
2.2. Raman micro-spectroscopy 
The cells were measured with a confocal Raman micro-spectrometer (inVia, Renishaw, 
Gloucestershire, UK). The measurements were made 7–8 times in the cytoplasm of 48 
resting cells and 60 growth-factor-treated cells at 20 min intervals. Raman scattering 
was excited by a 532 nm laser focused on the sampling point through a 63x dip-type 
water-immersion objective (NA = 0.9, HCX APO LU-V-1, Leica, Wetzlar, Germany) 
with 6.5 mW irradiation after the objective. The spatial resolutions of the lateral and 
focal directions were 1 µm and 3–4 µm, respectively. The laser focus was set at 3 µm 
upward from the cover slip surface into the specimen. Scattered light from the sampling 
point was collected through the same objective, dispersed with a grating (1800 
lines/mm), and accumulated on a Peltier-cooled charge-coupled device detector (1024 x 
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256 pixels) for 1.5 s. At every measurement time, the laser spot was moved along a line 
at ~2 µm intervals to obtain spectra from 15 different points in a single cell. No 
significant phototoxic damage to the cells by laser irradiation was observed, even after 
the last measurements (Fig. 1A). The measurement error of the wavenumber was 
corrected using the peak of the ring-breathing mode of phenylalanine (1002 cm–1) as the 
standard. 
 
2.3. Data processing and spectral analysis 
To reduce the point-to-point deviations in single cells, the spectra obtained in the 
cytoplasm of a single cell at each measurement were selected and averaged as the 
single-cell spectrum at that single time point. The Raman spectrum of the quartz 
coverslip was subtracted from the averaged spectrum. The background signal 
(predominantly from the autofluorescence of the cells) was then subtracted. The 
background was determined by linearly connecting the signals of 20 points (592, 610, 
630, 652, 706, 736, 770, 796, 866, 910, 992, 1012, 1022, 1138, 1184, 1378, 1500, 1522, 
1722, and 1768 cm–1) in the individual spectra, where the averages and standard 
deviations (SD) of the signal intensities were small (21). The spectra at 592–1768 cm–1 
(after background subtraction) were used for further analyses. 
Principal component analysis (PCA) was used to obtain an overview of the cell 
state changes by reducing the dimensions of the Raman spectra. The data matrix of the 
measured Raman spectra was composed of m rows (Raman shifts) and n columns 
(samples). In our measurements, m = 589 (592–1768 cm–1, 2 cm–1/channel), and n = 
2136 (48 control cells x 7 times + 60 stimulated cells x 7 or 8 times x 2 growth factors). 
The average of all 2136 spectra was subtracted from each single spectrum to obtain the 
74 
 
mean-centered data matrices, X. The, PCA then decomposed X as the linear combination 
of vectors t and p, using a singular value decomposition algorithm: 
𝑋 = 𝑡1𝑝1𝑇 + 𝑡2𝑝2𝑇 + 𝑡3𝑝3𝑇 + ⋯+ 𝑡𝑚𝑝𝑚𝑇 , 
so the, p vectors were orthogonal each other. The t and p pairs were ordered from PC1 
to PCm according to the lengths of the t vectors (t1 is the longest). In PCA, t and p are 
called “scores” and “loadings”, respectively. 
 The spectral points in the PC1-PC2 plane were grouped using two-dimensional 
Gaussian model separation. The distributions of the spectral points were fitted with the 
function: 
𝑓(𝒙,𝝁, 𝚺) = 1
�|𝚺|(2𝜋)2 exp �− 12 (𝒙 − 𝝁)𝚺−1(𝒙 − 𝝁)′�. 
Here, µ and £ correspond to average and variance-covariance metrics, respectively. The 
best-fit values for the parameters were estimated with the expectation-maximization 
(EM) algorithm.26 To avoid trapping in a local minimum, the estimation cycle was 
repeated more than 500 times for each data set using different initial condition. The 
number of components k was changed from one to four, and the most probable number 
was determined based on the Bayesian information criterion (BIC) to avoid over fitting. 
The BIC is given by -2 lnL+kln (n), where L, k, and n correspond to the likelihood 
function in the EM algorithm, the number of groups, and the number of spectra in each 
condition, respectively. The model (i.e., the value of k) that yielded the smallest BIC 
was adopted (Table 2). 
 The transition probability between the cell states was estimated using a 
nonparametric bootstrap method.27 The values of the transition probabilities were 
resampled 10,000 times to obtain their medians and confidential intervals. 
Spectral data processing, PCA, dynamics analysis, Gaussian mixture model separation, 
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and the statistical test were performed with MATLAB (MathWorks Inc., Natick, MA). 
 
3. Results 
3.1. Changes in Raman spectra at the early stages of growth factor stimulations 
Raman spectra were measured in the cytoplasm of single MCF-7 cells with or without 
stimulation by the growth factors, HRG (a differentiation factor) or EGF (a proliferation 
factor). The signals came from the cytosol, membrane organelles, and cytoskeleton. 
Measurements were made 2 h at 20 min intervals in unstimulated (resting) cells and in 
cells undergoing stimulation for 0–2 h and 24–26 h. The averages and SD of the Raman 
spectra under each condition were compared (Fig. 1B). The spectra from different cells 
and at different times during each 2 h period of successive measurements were mixed 
and averaged. The characteristic Raman bands from the major biological molecules 
(proteins, nucleic acids, lipids, and carbohydrates) were observed in the spectra. 
Resonant Raman signals for cytochrome c (cyt c) were also observed at the 532 nm 
excitation used in this study (see Table 1 for the assignment of Raman peaks). These 
spectra were not vector normalized, so the intensity changes at each Raman shift 
indicate concentration changes in the corresponding compounds. The spectra obtained 
during 24–26 h in the presence of HRG (hereafter this condition is called HRG 24 hrs, 
other conditions are called in the similar way) showed larger SD than the other spectra. 
Because SD reflects the variation in the cytoplasmic chemical composition among 
single measurements, this result indicates that the cell-to-cell and/or time-to-time 
deviations in the chemical state increased after HRG stimulation for 24 h. 
Difference spectra against the average spectrum in the resting condition were 
calculated as the average and SD (Fig. 1C). The intensities of the Raman signals derived 
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from proteins, including cyt c increased in all spectra after growth factor stimulation. 
The signals from nucleic acids increased slightly after HRG treatment. It is highly likely 
that these increases correspond to the genetic and metabolic responses to differentiation 
and proliferation. With HRG stimulation, especially after 24 h, large increases in the 
intensities at 1250, 1302, 1448, 1654, 1746, and 1100–1150 cm–1 were observed. These 
Raman bands correspond to the chemical bonds in lipid molecules (Table 1). After 
stimulation with HRG for 24 h, a small proportion of cells accumulated oil droplets in 
the cytoplasm, which was confirmed by fluorescence staining with BODIPY (Fig. 7). 
The increased lipid signals reflect both the formation of oil droplets and the increase in 
the amount of lipid in the cytoplasm before the production of oil droplets. 
 
 
3.2. Principal component analysis of cellular chemical compositions 
We used PCA based on the Raman spectra from all the single cells under different 
conditions and at different times of growth factor stimulation to examine the population 
and single-cell dynamics in the phase space of possible compositions of the major 
chemicals in single cells under various conditions (Fig. 2). The contribution ratio of the 
first principal component (PC1) was markedly larger than the contribution ratios of the 
other component, and PC2–PC4 were the next major components. However, because 
there were many minor components with similar low contribution ratios, the total 
contribution ratio of PC1–PC8 was only 26.8% (Fig. 2A). We used PC1 and PC2 to 
analyze the cellular dynamics. The reconstructed single-cell spectra using PC1 and PC2 
(or PC3 and PC4) are shown in Fig. 8, and suggest that most of the dynamics 
characteristic of growth factor stimulation were visualized with PC1 and PC2. The 
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spectral variations in PC3 and PC4 were much smaller than those in PC1 and PC2, 
which suggests that it is difficult to detect significant changes in higher PCs. 
 The loadings for the PCs do not directly indicate the compositions of individual 
chemical components, but suggest the chemicals that predominantly contribute to the 
variations in each PC. PC1 was mainly comprised of signals from proteins (including 
cyt c), lipids, carbohydrates, and nucleic acids. PC2 was mainly comprised of signals 
from lipids, cytochrome c, and water (Fig. 2B). In the two-dimensional scatter plots in 
the PC1-PC2 phase space, the populations of Raman spectra show overlapping but 
characteristic distributions according to the culture conditions (Fig. 2C). The 
distribution at HRG 24 hrs was broadest, as expected from the size of the SD shown in 
Fig. 1B. The distributions of the PC scores were compared among the culture conditions 
(Fig. 2D). Significant changes in the distributions of the PCs, i.e., the metabolic 
pathways in cells, had already begun in the first 2 h of growth factor stimulation. Both 
the PC1 and PC2 scores increased with time during HRG stimulation, indicating 
increases in the metabolite concentrations in the cytoplasm. (The signal for water is 
negative in PC2; Fig. 2B bottom.) Although the PC scores also increased in the cells 
stimulated with EGF for 2 h, the increases were smaller than those in the 
HRG-stimulated cells. After EGF stimulation for 24 h, the distribution of PC2 became 
statistically indistinguishable from that of the resting cells. The spectral distributions of 
different conditions of cells were almost overlapped in the PC3-PC4 plane (Fig. 9). 
 
3.3. Single-cell dynamics of the chemical composition in response to the growth 
factors 
The trajectories of the same single cells during 2 h of measurements were observed in 
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the PC1 and PC2 scores (Figs. 3A and 10). The scores fluctuated but showed no clear 
tendency to increase or decrease with time under all conditions. The fluctuations in 
single cells, similar to the width of the cell-to-cell distributions (Fig. 2), increased in 
PC1 after stimulation with growth factors. In the PC2 scores, HRG 24 hrs showed 
especially large fluctuations. The mean square displacements (MSD) in the 
two-dimensional PC1-PC2 plane were plotted with time (Fig. 3B). The time evolution 
of MSD for all conditions suggested random diffusion with a restriction in the motion 
area, but no directional movement was suggested as expected from the single 
trajectories (Fig. 3A). The diffusion coefficient and the size of the diffusion area (initial 
slope and asymptote of the MSD plot, respectively) were different for each condition. 
The histograms of the average step sizes in the trajectories of single cells along the 
PC1-PC2 plane, which reflect the single-cell distributions of the diffusion coefficients, 
were compared among the different conditions of the cells (Fig. 3C). The step sizes 
were large and diverse in the cells after growth factor stimulation, especially for HRG 2 
hrs and 24 hrs. The step size indicates the rate of the random changes in the chemical 
compositions of the cytoplasm. 
As shown here, the growth factors, especially HRG, induced not only changes in 
the chemical composition in average of cells and measurement times (Fig. 2C, D), but 
also vigorous fluctuations on a 10 min timescale (Fig. 3). Although the chemical 
composition averaged over the cells drifted directionally across time periods of hours 
and days (Fig. 2D), its fluctuation in single cells was large and the trajectories of single 
cells were almost diffusive within 2 h (Fig. 3). 
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3.4. Grouping the single-cell chemical compositions in the PC1 and PC2 plane 
The cell-to-cell distributions of the major chemical compositions (PC1 and PC2) were 
wide, and under some conditions, had shoulders and long tails, suggesting the inclusion 
of multiple components (Fig. 2C, D). To understand the dynamics of the chemical 
compositions of cells, we examined whether it is possible to group the chemical 
compositions based on the PC scores. The Gaussian mixture model in the 
two-dimensional plane was used for grouping, because this model is simple and the 
distributions of the PC scores look like normal distributions in the simplest cases (for 
example, the PC2 distribution of resting cells; Fig. 2D). As a result, presence of 1–3 
components was suggested for each condition (Fig. 4A). 
The single-cell dynamics in the MSD plots (Fig. 3B) can be explained as 
diffusion in restricted areas of the PC space. If the areas of restriction corresponded to 
the distributions of single spectra belonging to each of the chemical states suggested by 
the Gaussian mixture model (Fig. 4A), the sizes of the restriction in the MSD plots 
should be similar to the widths of the Gaussian distributions. This requirement comes 
from the assumption of the quasi-steady state of the chemical compositions fluctuating 
in the Gaussian distributions. We compared the SD of the Gaussian distribution and the 
square root of the MSD at the plateau (Fig. 11) in each PC axis (root MSD; Fig. 4B). In 
most cases, the SD and root MSD were similar, indicating that during 2 h of 
measurements, individual cells diffused within the area of the distribution of the 
chemical composition to which the cells belonged, but the transition to other chemical 
distributions was somehow restricted. 
 These cell dynamics are not inconsistent with the assumption that multiple 
chemical states were present. Therefore, we provisionally called each component 
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estimated in the Gaussian mixture model a ‘state’, although further examination is 
required to define true cellular states. We named each state as indicated in Fig. 4A. For 
the Ra state of the resting cells, and the H2a and H2b states of HRG 2 hrs cells, the root 
MSD of PC1 was significantly larger than the corresponding SD (Fig. 4B). For the Ra 
and H2a states, this could be caused by the mis-assignment of some trajectories because 
of the large overlaps with the distributions of the other state with larger root MSDs (Rb 
and H2b, respectively). However, for the H2b state, it could be caused by the transition 
between the H2a and H2b states, because the root MSD was larger than the SD for both 
the H2a and H2b distributions. Actually, some trajectories at HRG 2 hrs covered the 
areas of H2a and H2b (Fig. 10). For PC1 of H24b of HRG 24 hrs, the difference 
between the SD and root MSD was very large, but because the area of H24b was much 
smaller than those of the other states, it is unclear whether the H24b state was 
significant. 
 
3.5. Time-evolution of the cellular states upon stimulation with growth factors 
A comparison among positions of the estimated chemical states of the cells in the 
PC1-PC2 plane (Fig. 5A) indicated that HRG and EGF induce cellular responses with 
completely different time evolutions. The chemical states of the HRG-stimulated cells 
moved in the direction of increased scores for both PC1 and PC2 in 24 h. As a result of 
this process, a new state with a high PC2 score (H24c) appeared. In the area of this state, 
no cells were observed before or after HRG stimulation for 2 h. At the same time, the 
states with the lowest scores for PC1 and PC2 (Ra and H2a) disappeared. These 
dynamics induced by HRG reflect increases in the chemical concentrations in the 
cytoplasm, especially newly synthesized lipid molecules (PC2), in the early stages of 
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cell differentiation (Fig. 7). In contrast, with EGF stimulation, no directional change in 
the chemical state was observed throughout 24 h. Although a new state (E2b) was 
observed once in the first 2 h of stimulation, it disappeared after 24 h, and the two states 
observed before stimulation merged into a single state (E24). Thus, the chemical state 
was homogenized in the process of cell proliferation. 
We compared the step sizes of the single-cell PC dynamics in each chemical 
state (Fig. 5B). Because the dynamics were diffusive under every condition, the step 
size indicates the rate of the chemical fluctuations in single cells over time. The 
fluctuations were again characteristic of the chemical states and growth factors. In the 
resting cells, the state with larger PC scores (Rb) showed slightly but significantly larger 
fluctuations (on average) than those of the other state (Ra), i.e., the state with higher 
concentrations of chemicals showed larger chemical fluctuations. This relationship 
between the concentrations and fluctuations in the chemical compositions was preserved 
and enhanced during HRG stimulation, and the new state at 24 h (H24c) showed further 
large PC scores and fluctuations. Taking these data together, the fluctuations in the 
chemical compositions of the cells undergoing differentiation increased with time, at 
least up to 24 h. However, the fluctuations in the EGF-stimulated cells were completely 
different. Although changes in the positions and numbers of the chemical states in the 
PC1-PC2 plane were observed during stimulation with EGF (Fig. 5A), the rate of 
fluctuations in the chemical composition did not change at all (Fig. 5B). Thus, the 
fluctuation and the time evolutions of the chemical states shown in the PC1-PC2 plane 
were specific for the differentiation and proliferation of cells. 
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3.6. Dynamics of single cells immediately after stimulation with growth factors 
The state transitions of single cells were examined from the resting state to the initial 2 
h of growth factor stimulation (Fig. 6). In cells stimulated with HRG, the cells grouped 
in the Ra state before stimulation tended to move into the H2a state, which was 
distributed in a similar region to the Ra state in the PC1-PC2 plane, and stay within the 
state for 2 h (Fig. 6A). In contrast, cells that initially grouped in the Rb state, distributed 
into both the H2a and H2b states (Fig. 6A), and some of them moved around the 
combined H2a and H2b areas during 2 h (Fig. 10). Because the state assignment used 
only a single time point (0 or 120 min) and the state distributions overlapped, the 
probability values in the diagrams shown in Fig. 6B may contain considerable errors. 
However, it is useful to understand the tendencies in the state transitions. As illustrated 
in Fig. 6D, 78% of the cells that started from the Ra state moved into the H2a state, and 
the cells that started from the Rb state were distributed to the H2a (61%) and H2b 
(39%) states (Fig. 6D). 
These dynamics, including closely distributed transitions from a single state to 
two different states, were specific for the HRG-stimulated cells. The direction of the 
state transitions was much more deterministic for cells stimulated with EGF (Fig. 6B). 
When the state transitions of the resting cells after EGF stimulation were examined, we 
noticed that most of the cells starting from Ra moved to E2a, and transitions into E2b 
were only observed in cells starting from Rb before stimulation. In the resting condition, 
most cells stayed within a single state during 2 h (Fig. 6C). 
 
4. Discussion 
In this study, we detected changes in the chemical compositions of the cytoplasm of 
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single MCF-7 cells using Raman micro-spectroscopy. Although the cell-to-cell and 
time-to-time deviations in the Raman spectra were large, both among the resting cells 
and among the cells stimulated with growth factors, populations of cells showed 
characteristic distributions of the spectra under each condition, responding differently to 
the differentiation factor (HRG) and the proliferation factor (EGF) with time (Fig. 1). 
Despite the complicated chemical composition of the cytoplasm, the responses of the 
cell populations to the growth factors could be detected using the first two principal 
components (PCs) (Fig. 2). In the initial 2 h of stimulation with the growth factors, the 
distributions of the PCs shifted significantly from those of resting cells, and the shifts 
increased (HRG) or decreased (EGF) in the subsequent 24 h (Fig. 2D). These results 
indicate that we can discuss the dynamics of the chemical composition inside cells in 
response to growth factors based on Raman spectra. 
We focused on the cell dynamics for 2 h in the resting condition, and those 
immediately and 24 h after the application of growth factors to the cell culture medium. 
The dynamics of the Raman spectra of single cells during the 2 h in which the 
measurements were made were not directional but diffusive under every condition (Fig. 
3). However, changes in the average and distributions of the spectra indicate that on 
long timescales (> 2 h), the chemical compositions responded systematically to the 
growth factors. Previously, we have observed changes in the populations of Raman 
spectra for the cytoplasm of MCF-7 cells in response to HRG treatment over a much 
longer timescale (up to 12 days) (21). In the present study, we detected the dynamics in 
the same single cells on a much shorter timescale (20 min to 2 h). 
The distributions of the PCs showed long tails or shoulders, even for the resting 
cells, and after the growth factor treatments, they changed in shape and width, 
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especially in response to HRG (Fig. 2D). To characterize the shapes of the PC 
distributions, i.e., the variation in the chemical compositions, we used a Gaussian 
mixture model to subdivide the distributions into several components, and identified 1–
3 components for each condition. From the outset, this analysis was performed with the 
convenience of visualization in mind. However, the trajectories of the single-cell 
dynamics with time suggest that there are substantial meanings in this grouping. The 
trajectories of the single cells in the PC1-PC2 phase space were diffusive in restricted 
areas (Figs. 3 and 10), and the confinement size of the diffusion was generally similar to 
the width of the PC distribution to which the cells belonged (Fig. 4B). These results are 
consistent with the notion that individual cells belonged to one of the chemical states at 
a certain position in the PC space with a limited distribution width. From this 
perspective, the chemical composition of a single cell is randomly drifting within the 
range of its chemical state, and transitions across the boundary between chemical states 
are restricted. Although such chemical state of cells must be carefully validated in the 
future, the Gaussian mixture model is useful for discussing the dynamics of the 
chemical compositions of cells. 
The Raman spectra of the resting cells without growth factor stimulation 
consist of two Gaussian components (Ra and Rb in Fig. 4A). The cellular states 
represented by these two components mainly differ in the concentrations of the 
chemicals that were responsible for PC1. The fluctuations in the chemical compositions 
also differed between these two states, i.e., the cells in Rb showed larger step sizes 
within 20 min (Fig. 5B). These differences could reflect difference in the conditions of 
the cells, e.g., in their cell cycles and/or cell-to-cell communications. However, we 
could not distinguish these two cellular states based on morphological information. A 
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wide distribution of the single-cell Raman spectra under undifferentiated conditions was 
observed in mouse embryonic stem cells,13 which may indicate the presence of multiple 
states. After differentiation, the distribution narrowed. In contrast, in MCF-7 cells, the 
width of the spectral distribution did not change markedly, although the overall shape of 
the spectrum changed after differentiation.21 Various types of cells must be examined to 
find the general principles underlying the changes in the Raman spectra that occur 
during cell differentiation. 
The population and single-cell dynamics of the cellular chemical compositions 
were diversified according to the type of growth factor used to stimulate the cells (Figs. 
2 and 5). During the first 2 h of HRG treatment, two chemical components of the cells 
remained at locations similar to those before the treatment, with a slight shift toward 
higher contents of PC1, but with increased fluctuations within individual cells, 
especially for the higher PC1 state (H2b). After HRG treatment for 24 h, the chemical 
distribution of the lower PC1 state (H24a) was enlarged to cover the distributions of 
both Rb and H2b, with fluctuations as large as that of H2b. The content of PC1 in H24a 
was higher than the content in Rb and H2b, on average. No separable states with PC1 
contents as small as those of Ra and H2a were found at this stage. The other chemical 
states found after 24 h of HRG treatment (H24b and H24c) were distributed in 
completely different regions from H24a and any other states identified with our 
measurements. H24c was characteristic of a high PC2 content, indicating high 
concentrations of lipids in the cytoplasm. In response to HRG, MCF-7 forms lipid 
droplets in the cytoplasm as an indication of cell differentiation.28 Although MCF-7 
cells usually require 10 days or more for the complete differentiation of the 
population,21 the cells classified into H24c had already formed lipid droplets in the 
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cytoplasm (Fig. 7). The fluctuations in the chemical compositions of single cells became 
larger as PC1 and PC2 increased (H2b, H24a, H24c), indicating that in the early stage of 
differentiation, the chemical composition of the cytoplasm fluctuates vigorously, 
probably attributable to the rearrangement of the metabolic pathways producing the 
various chemicals included in PC1 and PC2. In particular, the increases in the lipid 
components, which were suggested from the dynamics of PC2, clearly characterize 
populations of cells moving toward differentiation. 
In the PC1-PC2 phase plane, the arrangement of the two states of the resting 
cells, Ra and Rb, was similar to that of the two states, H2a and H2b, observed for cells 
during the first 2 h of HRG stimulation (Fig. 5A). However, the state transition 
dynamics of the single cells differed between the cells in the resting condition and those 
in the HRG-stimulated conditions, i.e., in the resting condition, cells tended to stay in 
one of the single states for 2 h (Fig. 6C), whereas HRG stimulation induced active state 
transitions (Fig. 6A). This means that the shift in the cell states observed in the first 2 h 
of differentiation included highly fluctuating dynamics, covering different states of the 
cells. On the contrary, no state transition was observed between the two states, H24a 
and H24c, detected after 24 h of cell differentiation (Fig. 10). These finding suggests 
that the initial differentiation process is composed of successive reversible and 
irreversible state transitions. 
 Treatment with EGF, a proliferation factor, induced completely different 
dynamics in the cells from those observed during HRG stimulation. For the first 2 h, a 
new transient state (E2b) was observed in the higher PC1 region. Its distribution was 
different from those of the states observed after HRG treatment. This component 
disappeared after 24 h, leaving one population covering the entire region of the two 
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states observed for resting cells. The remaining state (E24) largely overlapped to the 
state (E2a) observed after 2 h of EGF treatment. Interestingly, the fluctuations in the 
chemical composition (Fig. 5B) did not increase after EGF stimulation for any of the 
states we observed. Therefore, during EGF stimulation, the cellular chemical states 
converged into a single state, with slow fluctuations. Although the cells in the two states 
in the resting condition (Ra, Rb) were mixed into the E2a state during the 2 h of EGF 
stimulation, only the cells in the cell population that started from the Rb state moved 
into the E2b state (Fig. 6D). This suggests that the Rb state contained at least two 
substates, although these states could not be distinguished based on the composition of 
the major chemicals in the cytoplasm. 
Using Raman micro-spectroscopy, we characterized the dynamics of the 
chemical compositions in single cells and population of cells in the resting condition 
and in the early stages of growth factor stimulation. Single-cell Raman spectroscopy 
revealed that the chemical composition and its fluctuations were not identical between 
the cells, even in the resting condition, but that the cell populations could be subdivided 
into at least two groups, which displayed different responses to the differentiation factor, 
HRG, and the proliferation factor, EGF. Surprisingly, the chemical compositions of the 
cells fluctuated vigorously on a 10 min timescale. HRG increased these fluctuations, 
whereas EGF did not. Directional drift and homogenization of the cell states were 
induced by HRG and EGF, respectively, in populations of cells on a timescale of hours. 
We have demonstrated that Raman micro-spectroscopy is a powerful tool for detecting 
dynamics of the global chemical states in single cells. 
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Figure 1. Raman measurements of single living cells 
(A) Transmission-illumination micrographs of a single MCF-7 cell just after the 
Raman measurements made at the indicated times. No significant changes were 
observed in the cell morphology. (B) Averaged Raman spectra from the 
cytoplasm of cells under the indicated conditions. Positions of the major Raman 
bands derived from proteins (1002, 1250, and 1654 cm–1), cyt c (748 and 1584 
cm–1), lipids (1302, 1654, and 1746 cm–1), and nucleic acids (782 and 810 cm–1) 
are indicated. (C) The difference spectra against the averaged spectrum in the 
resting condition. The black and gray lines in (B) and (C) indicate the average 
and width of the standard deviations, respectively. AU: arbitrary units. 
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Figure 2. Principal component analysis of the Raman spectra 
(A) Contribution ratios of PC1–PC8. The sum of the contribution ratios of PC1 
and PC2 was 18.7%. PCA was performed based on all 2136 spectra. (B) 
Loadings for PC1 and PC2. PC1 mainly corresponded to proteins (P), lipids (L), 
nucleic acids (N), and cytochrome c (c). PC2 mainly corresponded to lipids, 
cytochrome c, and water (broad band around 1640 cm-1).29 (C) Scores plots in 
the PC1-PC2 plane. Black dots indicate the data set of cells under the indicated 
conditions, and gray dots indicate the data set of resting cells. (D) Histograms 
of the PC1 (left) and PC2 (right) scores. Black dots indicate the medians. **p < 
0.01 on the Wilcoxon test. AU: arbitrary units. 
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Figure 3. Single-cell trajectories of the major chemical components 
(A) Trajectories of PC1 (top) and PC2 (bottom) in single cells. Black lines 
indicate averages with SD. Gray lines show single-cell trajectories with time. 
(B) Time evolution of the two-dimensional mean square displacements 
(MSD) of the trajectories under each condition in the PC1-PC2 plane. (C) 
Histograms of the average step sizes of single cells for 2 h under the indicated 
conditions. Black dots indicate the median. **p < 0.01 on the Wilcoxon test. 
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Figure 4. Grouping of cellular states based on Gaussian mixture model 
(A) Results of grouping the single-cell chemical compositions in the PC1-PC2 
phase space. Elliptical contours show the positions and distributions of the 
chemical states of the cells. Fractions of each state are indicated. Gray scale 
indicates the relative depth of the distributions. (B) Comparison of the size of 
the chemical state distribution (SD) and the root MSD of single-cell 
trajectories at the plateau. 
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Figure 5. Time-evolutions and fluctuation of the cellular chemical states 
(A) Distributions of the chemical states of cells under different conditions are 
compared to show their time evolutions during growth factor stimulations. 
Black ellipses show the state at the indicated stage. Gray ellipses show the state 
before the indicated stage. (B) Histograms of the step sizes of single-cell 
trajectories in each chemical state. The step sizes indicate the rate of fluctuation 
in the chemical compositions of single cells. Black dots indicate the median 
values. **p < 0.01 in the Wilcoxon test. 
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Fig. 6 Initial chemical state and response to the growth factors 
(A–C) Distributions of the chemical compositions of single cells before and 
during 2 h of stimulation with HRG (A) or EGF (B). Distributions of cells in the 
resting condition for 2 h (C) are shown for comparison. Blue and red cells were 
grouped into Ra (blue) or Rb (red) before stimulation (A, B) or at the first 
measurement (C). Ellipses show the distributions of the cell states in the 
corresponding conditions. (D) State transition diagrams between the first and 
last measurements. The transition rates were estimated from the weighted 
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distributions of single Raman spectra to the two states using the bootstrap 
method. Numbers indicate the medians of the transition probabilities, with the 
90% confidential intervals (CIs) in parenthesis. Because the fraction of cells was 
small, it was difficult to accurately estimate the CIs for the transition rates from 
the Ra state in (B). 
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Figure 7. Formation of oil-droplets in the cells stimulated with HRG for 24 hours 
(A) MCF-7 cells were stained with BODIPY (Invitrogen) using the Adipocyte 
Fluorescent Staining Kit (Primary Cell. Sapporo, Japan) after HRG stimulation for 24 h. 
The left picture shows the phase contrast image, and the right picture shows the 
fluorescence image at the same field of view in the wavelengths 470–490 nm for 
excitation and 520–550 nm for emission. In the cytoplasm of a small part of cells 
(arrows), bright particles were observed in the phase contrast image. These particles 
corresponded to the oil droplets as observed in the fluorescence image. (B) 
Transmission light micrograph of cells after 24 h of HRG treatment. The cells indicated 
by arrows contained oil droplets and were classified into the H24c state, which contains 
large amount of lipid signals (see text).  
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Figure 8. Scores plots in the PC3-PC4 plane 
Colored dots indicate the data set of cells under the indicated conditions, and black dots 
indicate the data set of resting cells for comparison. Most of the spectral distributions 
are overlapped suggesting the spectral variations derived from random noise. The 
distribution of spectra after 24h of HRG treatment was enlarged but the center of 
distribution was not changed significantly from that of the resting cells.  
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Figure 9. Reconstructed single-cell Raman spectra using PC 1 and PC 2 
The raw spectra after background subtraction (A), and the spectra reconstructed using 
PC1 and PC2 (B), and PC3 and PC4 (C) are shown. The reconstructed spectra are the 
sum of the mean of raw spectra and PCs. Variations in the raw spectra that indicate 
cell-to-cell and time-to-time deviations are largely preserved in the spectra 
reconstructed using PC1 and PC2, although the sum of the contribution ratios of PC1 
and PC2 is only 18.7% (Fig. 2), meaning that the higher-order PCs predominantly 
contain noise fractions caused by measurement errors and small differences in the 
specimen, which were eliminated by the reconstruction of the spectra with the major 
PCs. Spectral variation in PC3 and PC4 is much smaller than those in PC1 and PC2. 
  
101 
 
 
 
Figure 10. Two-dimensional trajectories of single-cell dynamics 
Two-dimensional trajectories of the chemical composition in single-cells are shown in 
the PC1-PC2 plane. Lines in different colors indicate the trajectories of different single 
cells. The upper panels show all the trajectories observed, and the lower panel shows 
typical examples. Significant numbers of trajectories in the condition of HRG 2 hrs 
moved across the boundaries of the cellular states (ellipses) detected using Gaussian 
mixture model (Fig. 4). 
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Figure 11. One-dimensional MSD plots of single-cell trajectories in each Gaussian 
distribution 
The upper and lower panels show time evolution of the MSD for PC1 and PC2 for the 
indicated Gaussian component (Fig. 4), respectively. All the plots indicate random 
diffusion within a restricted area, i.e., the plots are not linearly increased with time but 
have the maximum values to which the plot are asymptotic. This result means that the 
chemical composition in single cells is fluctuating within a limited region. 
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Table 1. Raman bands assignments of the biomolecules in the cell 
Raman Shift 
(cm
-1
) 
DNA/RNA1 Proteins1 Lipids1 Carbohydrates1 Cytochrome c2 
602 
    
resonance Raman 
620 
 
C-C twist Phe 
   
642 
 
C-C twist Tyr 
   
716 
  
CN
+
(CH
3
)
3
 str 
  
748 
    
resonance Raman 
782 U, C, T ring br 
    
810 O-P-O str RNA 
    
828 O-P-O asym str ring br Tyr 
   
852 
 
ring br Tyr 
   
878 
  
C-C-N+ sym str C-O-H ring 
 
936 
 
C-C BK str 
a-helix 
C-O-H glycos 
  
980 
 
C-C BK str 
b-sheet 
C=H bend 
  
1002 
 
sym ring br Phe 
   
1030 
 
C-H in-plane Phe 
   
1062 
  
Skeltal C-C str 
(All-trans)   
1082 PO
2
-
 str 
 
Skeltal C-C str 
(Gauche) 
C-O, C-C str 
 
1126 
 
C-N str 
Skeltal C-C str 
(All-trans) 
C-O str resonance Raman 
1156 
 
C-C/C-N str 
   
1174 
 
C-H bend Tyr 
   
1208 
 
C-C
6
H
5
 str Phe, 
Trp    
1250 T,A amide III =CH bend 
  
1302 
  
CH
2
 twist 
  
1318 G CH def 
   
1338 A, G CH def 
 
CH def 
 
1448 G, A CH def CH def CH def CH def 
 
1572 G, A 
    
1584 
    
resonance Raman 
1604 
 
C=C Phe, Tyr 
   
1616 
 
C=C Try, Trp 
   
1654 
 
amide I C=C str 
  
1746 
  
C=O estr 
  
sym, symmetrical; asym, antisymmetrical; BK, backbone; br, breathing, def, deformations; glycos, 
glycoside bond; in-plane, in-plane deformation; str, stretching 
1 Parker, F. S. (1983)30, Takai, Y., et al. (1997)31, Notingher et al. (2004)12, Huang, Y.-S. et al. 
(2005)32 
2Hu, S. et al. (1993)33, Ohshima et al (2010)34  
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Table 2. Model selection in Gaussian separation 
number of 
components (k) 1 2 3 4 
condition BIC 
resting –3784.1 –3827.3 –3814.3 –3793.1 
HRG 2hrs –5059.0 –5081.2 –5072.8 –5060.7 
HRG 24hrs –3774.8 –3818.5 –3851.4 –3841.2 
EGF 2hrs –4998.1  –5085.6 –5078.8 –5063.2 
EGF 24hrs –4460.2  –4451.5 –4443.3 –4439.3 
The minimal numbers are shown in bold font. 
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This chapter was referenced from S. Takanezawa, S. Morita, Y. Ozaki, and Y. Sako, 
‘Raman Spectral Dynamics of Single Cells in the Early Stages of Growth Factor 
Stimulation’, Biophys. J. 2015 (accepted).   
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Chapter 3: Two-dimensional Raman correlation analysis of 
diseased esophagus in a rat 
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Abstract 
Generalized two-dimensional (2D) Raman correlation analysis effectively distinguished 
a benign tumor from normal tissue. Line profiling Raman spectra of a rat esophagus, 
including a benign tumor, were measured and the generalized 2D synchronous and 
asynchronous spectra were calculated. In the autocorrelation area of the amide I band of 
proteins in the asynchronous map, a cross-like pattern was observed. A simulation study 
indicated that the pattern was caused by a sharp band component in the amide I band 
region. We considered that the benign tumor corresponded to the sharp component. 
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1. Introduction 
Raman spectroscopy was first applied to clinical medicine in the 1970s,1-3 and the 
development of a Raman microscope4 facilitated the effective spectral measurement of 
biological tissues.5-7 The use of Raman spectroscopy provides information about the 
compositions, structures, and interactions of molecules.8 Therefore, in clinical medicine, 
the Raman technique allows (i) research into a disease at the molecular level and (ii) the 
early detection of a disease. In general, the Raman spectra of normal and abnormal 
portions of a biological tissue are similar. Therefore, slight differences between these 
spectra must be detected using advanced analytical techniques. Generalized 
two-dimensional (2D) correlation analysis9, 10 is a powerful and versatile analytical 
method for the detection of slight but distinctive spectral changes. The method has been 
applied to complex spectral intensity variations in infrared, near infrared, ultraviolet–
visible, and any other optical signals with different waveforms. The uses of the 2D 
analysis can be summarized as follows: (i) the examination of the spectral responses 
that are in phase with each other and those that are out of phase; (ii) the identification of 
various inter- and intramolecular interactions through the selective correlation of bands; 
and (iii) band assignments based on the correlations between various bands. 
When generalized 2D correlation analysis is applied to the Raman spectra of a 
biological tissue, a problem arises because a Raman spectrum is strongly affected by the 
fluorescence emitted from the target tissue. To resolve this problem, our research group 
developed an effective automated method for removing the baseline fluctuations in 
Raman spectra. The purpose of this study was to investigate whether the 2D Raman 
correlation analysis is effective in distinguishing a diseased portion of a biological tissue 
from the normal biological tissue. The esophagus of a rat was selected as the biological 
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tissue and benign tumors were chosen as the disease model. 
 
2. Materials and methods 
Three hundred forty-four Fischer rats (five weeks old, male) were purchased from 
Kumagai-shigeyasu Co. Ltd. The rats were housed in acrylic plastic cages in a 
climate-controlled room (22 ± 2 °C, 55 ± 15% humidity, 12 h light/dark cycle) and 
provided with CA-1 CREA Rodent Diet (CREA Japan) and fresh water. Fresh food was 
given each week; drinking water was provided through a water bottle; the animal room 
was cleaned daily; and water bottles and cages were changed every week to maintain 
hygienic conditions. N-Nitroso-methylbutylamine (NMBA) was purchased from the 
NARD Institute, Ltd. The doses of NMBA given to the rats were based on a previous 
study11. Briefly, the rats received NMBA at doses of 1 mg/kg. All individual doses were 
administered by subcutaneous injections on three days/week over the course of five 
weeks. After the last injection, the rats were maintained for approximately 12 weeks to 
confirm with endoscopy the presence of a benign tumor in the esophagus of each rat. 
The esophageal tissue was enucleated, rinsed with saline, and then preserved in a 
freezer at –80 °C. The defrosted esophageal tissues were used for Raman measurements. 
A Raman spectrometer [RS in Fig. 1(a)], with a charge-coupled device (CCD), 
was used with a microscope attachment. A continuous-wave BF-ETL laser (Megaopto 
TS32) was used as the light source. Laser light tuned to 785 nm (L785) was reflected by 
an edge filter (EF). The light was focused onto the target material with an objective lens 
(L1: 20×, NA 0.4). The scattered light of the target material reached RS through L1, EF, 
a notch filter (NF), an imaging lens (L2), and a slit (S: 100 µm in width). We recognized 
that the geometry of the EF was not perpendicular to the optical path. Therefore, the NF 
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filter was placed perpendicular to the optical path, so that the light was sufficiently 
filtered. The measurement of the line profiling Raman spectra of the esophageal tissue 
with a benign tumor was begun at the top of the tumor. The spectra were then measured 
so that each interval of the line profile was 0.3 mm. The laser power at the sample point 
was around 56 mW, and the total exposure time for a Raman measurement was 600 s 
(10 s for each exposure, with 60 scans). The pure Raman spectrum ypure(ν) of the target 
material was calculated as ypure(ν) = [yexp(ν) – a(ν)]/b(ν), in which yexp(ν), a(ν), and b(ν) 
were the experimentally obtained spectra produced with the following procedures. (i) A 
spectrum yexp(ν) was obtained by irradiating the target material on aluminum foil with 
785 nm light. (ii) The reference spectrum a(ν) was measured by irradiating the 
aluminum foil with 785 nm light with no target material; in this measurement, the 
aluminum foil was placed above the focal point of the light to avoid the production of a 
Raman spectrum of air. (iii) Another reference spectrum, b(ν), was obtained without 
laser irradiation by placing a white light source at the focal point. A tungsten lamp was 
used as the white light source, and a pin hole was used so that the white light passing 
through it became a spot (0.9 mm in diameter). The attachment of a variable resistor 
connected to a battery allowed the light intensity of the light source to be adjusted. The 
baseline-corrected Raman spectrum y(ν) was calculated as y(ν) = ypure(ν) – ypoly(ν), in 
which ypoly(ν) is a fitted polynomial curve constructed with the following procedures. (i) 
For a spectrum truncated between the minimum Raman shift position νmin and the 
maximum position νmax, the degree of the function was selected to fit the baseline using 
a polynomial function. (ii) Using the least squares method, the polynomial function 
ypoly(ν) was first fitted to the pure Raman spectrum ypure(ν). (iii) The pure Raman 
spectrum ypure(ν) was divided into upper and lower parts, relative to the fitted baseline 
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ypoly(ν). (iv) The number of data points on the upper side of ypure(ν) was designated NA, 
and the number in the lower part of ypure(ν) was designated NB. If NA＜NB, the upper 
part of ypure(ν) was removed from the whole of ypure(ν), and the pure Raman spectrum 
ypure(ν) was replaced with the lower part of the pure spectrum. Then, procedure (ii) was 
repeated. When NA e NB, the baseline was considered the best fit and optimal. 
The generalized 2D correlation synchronous and asynchronous spectra were 
calculated based on the spectrum yi(ν) at the Raman shift position ν as a function of the 
position i of the line profile. The dynamic spectrum )(~ νiy was first calculated by 
miyyy ii �3,2,1          )()()(
~ =−= ννν  
in which )(νy  is designated the reference spectrum. The position-averaged spectrum is 
used as the reference spectrum, and is defined as 
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3. Results and discussion 
Figure 1(b) shows the line profiling Raman spectra of rat esophageal tissue, including a 
benign tumor, as a function of distance. An illustration of the esophageal tissue is given 
at the bottom of Fig. 1(a). Starting at the top of the tumor, the line profiling Raman 
spectra were measured so that each interval was 0.3 mm. The bands at 1005, 1300, 1450, 
and 1660 cm–1 are attributable to the ring breath vibration mode of phenylalanine, the 
amide III mode of proteins, the CH2 scissoring mode, and the amide I mode of 
proteins,12,13 respectively. The intensities of the spectra changed in a dramatic manner 
through numbers ① to ⑨. The intensities of the changes are probably related to the 
morphology of the target material and the density of the Raman-active biomolecules in 
the tissue. 
Figure 2 shows (a) the synchronous and (b) asynchronous maps calculated 
from the line profiling Raman spectra of Fig. 1(b). The synchronous function Φ(ν1,ν2) 
contains information on the identity between the waveforms of the position-dependent 
signal profiles at spectral positions ν1 and ν2, whereas the asynchronous function 
Ψ(ν1,ν2) contains information on the difference. In Fig. 2(a), the synchronous map gives 
several correlation peaks. Autocorrelation peaks were observed at ν 1 = ν 2 = 1450 cm–1 
and ν 1 = ν 2 =1660 cm–1, whereas a cross-correlation peak was detected at ν 1 = 1450 
cm–1 and ν2 = 1660 cm–1. The intensity values for these three correlation peaks, 
abbreviated as Φ(1450,1450), Φ(1660,1660), and Φ(1450,1660), respectively, were 
0.00439, 0.00504, and 0.00465, respectively. The following relationships were 
confirmed: (i) Φ(1450,1450) H Φ(1660,1660) H Φ(1450,1660); (ii) Φ(1450,1450) < 
Φ(1450,1660) < Φ(1660,1660). These findings indicate that the position-dependent 
intensity profiles at 1450 cm–1 (due to the CH2 scissoring mode) and 1660 cm
–1 (due to 
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the amide I mode of proteins) are almost identical. In Fig. 2(b), the asynchronous map 
gives several correlation peaks. Concretely, we found asynchronous peaks at ν 1 = 
1350–1450 and ν 2 = 1450 cm–1, ν 1 = 1250–1350 and ν 2 = 1500 cm–1, ν 1 = 1450 and ν 
2 = 1500 cm
–1, ν 1 = 1450 and ν 2 = 1580 cm–1, ν 1 = 1250–1400 and ν 2 = 1660 cm–1, 
and ν 1 = 1450 and ν 2 = 1660 cm–1. In the region of the amide I mode of the proteins at 
around ν1 = ν2 = 1660 cm–1, a unique cross-like pattern consisting of four asynchronous 
peaks was observed. The asynchronous peak at around ν 1 = 1450 and ν 2 = 1660 cm–1 
also produced a complicated correlation pattern. This complicated pattern was probably 
generated, accompanied by the unique pattern of the autocorrelation peak of the amide I 
mode of proteins. We consider that the cross-like pattern generated in the 
autocorrelation area of the amide I mode in the asynchronous map is caused by changes 
in the bandwidth (this inference is based on the results of several previous papers14-19). 
The second derivative spectra of the amide I region also indicated changes in the 
bandwidth. 
In this study, distance was used as the perturbation to calculate the 2D 
correlation maps based on the line profiling Raman spectra. Previous papers have 
discussed the use of distance as the perturbation for 2D correlation analyses.20,21 
Whether the use of distance as the perturbation for the 2D correlation analysis is 
appropriate can be questioned on the basis that we can select any line at random. 
However, we consider that the selection of the line in this study (the use of distance as 
the perturbation) is far from random. First, the line was started at the top of the tumor, 
which occurs at only one position and cannot be selected at will. Second, because the 
tumor was almost spherical in shape, we confirmed several times in random directions 
that the results reported above were reproducible (as a matter of course, we confirmed 
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that the results described above were reproducible in another rat). 
Figure 3(a) shows simulated spectra, prepared to reconstruct the obtained 
cross-like pattern. We assumed that the benign tumor was spherical in shape. The 
Raman intensity of the target band depends on the topology of the tissue so that the 
perpendicular incidence of the laser light on the surface of the tissue gives the maximum 
value (unit), whereas the parallel incidence of the laser light becomes minimum (zero), 
using a simple sinusoidal function. 
The simulated spectra of Fig. 3(a) are based on Fig. 3(b) and 3(c). In Fig. 3(b), 
two types of bands with different bandwidths were defined so that the half width at the 
half height value for the amide I band of the benign tumor region becomes 40 cm–1, 
whereas that of the normal region becomes 80 cm–1 (the Gaussian function was used to 
express these Raman bands). In Fig. 3(c), the integrated intensity value of each band is 
given by the equation y = cos[( i－1) × s/6] for i = 1–6; otherwise, y = 1 for i = 7–9, 
where the parameter i is an integer that represents the position of the Raman 
measurement. 
Figure 3(d) shows the synchronous map and Fig. 3(e) shows the asynchronous 
map. These maps were calculated based on the simulation spectra of Fig. 3(a). The 
synchronous map gave a correlation peak whose shape is near-concentric circles, 
whereas the asynchronous map provides a correlation peak whose shape is a cross-like 
pattern. These results in Fig. 3(d) and 3(e), based on the simulation spectra, are in good 
agreement with the experimentally obtained results in Fig. 2(a) and 2(b), respectively. 
This finding indicates that the amide I band of the benign tumor region includes a sharp 
band component. Therefore, using the characteristic cross-like pattern of the amide I 
band region, the 2D Raman correlation analysis allows us to distinguish a benign tumor 
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from normal esophageal tissue. 
 
4. Conclusion 
In this study, 2D Raman correlation analysis is shown to be effective in distinguishing a 
benign tumor from the normal esophagus of a rat. The Raman spectra of the rat 
esophagus, including the benign tumor, were measured. When a benign tumor was 
present, the amide I band region clearly produced a characteristic asynchronous signal 
on the 2D correlation map. The sharp band component in the amide I band region 
probably corresponds to the characteristic asynchronous signal, confirmed as the key 
signal in detection of the tumor.  
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Figure 1. (a) Schematic representation of the Raman system. Abbreviations: L785, 
785 nm excitation laser; M, mirror; EF, edge filter; NF, notch filter; L1, objective 
lens; L2, imaging lens; S, slit; and RS, Raman spectrometer. (b) Line profiling 
Raman spectra of the esophagus of a rat, including a benign tumor. The numbers 
① to ⑥ indicate the spectra corresponding to the benign tumor, whereas the 
numbers ⑦ to ⑨ represent the spectra measured at the normal tissue. 
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Figure 2. (a) Synchronous and (b) asynchronous 2D correlation maps calculated 
from the line profiling Raman spectra of Fig. 1(b). 
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Figure 3. (a) Simulated spectra of the amide I band of the line profiling Raman 
spectra; (b) assumed band shapes; and (c) intensity profiles. (d) Synchronous and 
(e) asynchronous maps of the simulated spectra in (a). 
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Chapter 4: Raman spectroscopic analysis of H2O2-stimulated 
three-dimensional human skin models containing Asian, Black, 
Caucasian Melanocytes 
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Abstract 
Reactive oxygen species generated in dermal cells of human skin is related to skin 
disorders or diseases. In this study, Raman analysis effectively clarified the identities of 
three types of human skin models after the models were stimulated with hydrogen 
peroxide. With the Caucasian skin model, the major Raman bands underwent large 
intensity changes within 4–5 days of stimulation. With the Black skin model, the Raman 
bands remained almost unchanged. The changes in the Asian skin model were unique 
compared to those in the above two. Eumelanin and pheomelanin are probably the main 
compounds that differentiate dermal cells in terms of their sensitivity to hydrogen 
peroxide. 
  
124 
 
1. Introduction 
Human skin is sensitive to sunlight, especially to ultraviolet (UV) light, which generates 
reactive oxygen species (ROS) in dermal cells. This phenomenon is related to disorders 
or diseases such as stains, freckles, and cancers of the skin. Many researchers have 
sought to understand these disorders at the molecular level, and are also interested in 
classifying them.1-3 In clinical medicine, Raman spectroscopy attracts researchers as a 
microscopic, nondestructive, nonlabeling research tool. Raman spectroscopy provides 
information about the compositions, structures, and interactions of molecules,4 and it 
has been used as a powerful analytical method in chemistry for 80 years. Its application 
to clinical medicine has been somewhat slower, beginning during the 1970s,5-7 when the 
development of a Raman microscope allowed effective spectral measurements of 
biological tissues.8-11 Today, we can measure the Raman spectrum of a live cell (ca. 20 
µm in width) with high spectral quality, distinguishing an area of 1 µm2 in the 
horizontal plane (ca. 30 s for the spectrum).12,13 Moreover, the use of a flexible fiber is 
one of the most promising approaches for making noninvasive Raman measurements of 
living tissues, and several research groups have developed fiber optics suitable for 
Raman measurements.14-19  
In this study, three-dimensional (3D) human skin models were stimulated with 
hydrogen peroxide (H2O2) to provide time-dependent Raman spectra. As mentioned 
above, UV–visible light generates ROS in dermal cells. H2O2, one of typical ROS, was 
therefore used as a substitute for UV light to stimulate the skin models. The 3D human 
skin models consisted of keratinocytes, melanocytes, and a collagen-layered membrane, 
as shown in Fig. 1a, which are frequently used for skin irritation tests in dermatology. 
Three kinds of skin models, containing Caucasian, Asian, and Black type melanocytes, 
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were used to simulate individual differences. Caucasian-type keratinocytes were used 
throughout the models.  
The aims of this study were (i) to confirm whether the Raman technique is 
capable of detecting early chemical responses or the phenylalanine ring, CH2 bending, 
and amide I vibrations within a few days of H2O2 stimulation, in the skin models 
(because pigmentation is recognizable macroscopically only at around two weeks after 
stimulation); and (ii) to determine whether the Raman approach can clarify/distinguish 
the identities of these skin models. Our Raman approach successfully clarified the skin 
properties within 4-5 days after the H2O2 stimulation. Not only Raman measurements, 
we observed also the hematoxylin and eosin (HE) stained visible images of skin models 
before and after the H2O2 stimulation and the absorbance values using the 405nm 
visible light, to give reasonable discussion. The results obtained in this paper are of 
importance since they will provide a bright future for a Raman method, mainly utilizing 
Raman bands of proteins, to enable the non-labeling, non-invasive, and early diagnosis 
of human skin disorders. 
 
2. Experimental 
Three kinds of 3D human skin models (MEL300 series) and growth medium (EPI-100 
containing KGF113) were purchased from the Bio-Medical Department of Kurabo 
Industries Ltd. from MatTek Corp. Hydrogen peroxide (Wako Pure Chemical 
Industries, Inc.) was used to stimulate the skin models. A CO2 incubator was used to 
maintain the skin models at 37 °C under a 5% CO2 atmosphere. Five pieces of the Asian 
skin model were subjected to H2O2 stimulation in which 10 µL of 2 mM H2O2 was 
added to the 5 mL of medium containing each piece of the Asian skin model. Another 
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piece was used as the control, with no H2O2 stimulation. This procedure was repeated 
for both the Black and Caucasian skin models. Stimulation was applied once for each 
piece of a skin model. 
A CCD-equipped Raman spectrometer (RS in Fig. 1b) was used with a 
microscope attachment. Laser light tuned to 785 nm (L785) was reflected with an edge 
filter (EF). The laser power was averaged to 130 mW. The light was focused onto the 
target material with an objective lens (L1: 20×, NA 0.4). The scattered light of the target 
material reached the RS through L1, EF, a notch filter (NF), an imaging lens (L2), and a 
slit (S: 100 µm in width). For sufficient filtration of the light, the NF filter was placed 
perpendicular to the path. To establish the time course of the stimulation, as shown in 
Fig. 1c, the skin model samples were taken out of the incubator piece by piece to make 
the Raman measurements. We obtained Raman spectra at seven random locations, 
focusing on the surface of each skin sample avoiding apparent pigmentation spots. The 
focal point was chosen so that the Raman signal was maximum. The time for the 
measurement of a spectrum was 600 s (exposure 10 s, with 60 scans). 
The Raman spectrum, which we called in this paper the ‘pure’ spectrum, was 
calculated as y(ν) = [yexp(ν) – a(ν)]/b(ν), where yexp(ν), a(ν), and b(ν) are the spectra 
obtained experimentally with the following procedures. (i) The spectrum yexp(ν) was 
obtained by irradiating the target material on an aluminum foil support with 785 nm 
light. (ii) The reference spectrum a(ν) was measured by irradiating the aluminum foil 
with 785 nm light with no target material (the aluminum foil was placed above the focal 
point of the light). (iii) Another reference spectrum, b(ν), was obtained without laser 
irradiation by placing a white light source at the focal point. A tungsten lump was used 
as the white light source, and a pin hole was used so that the white light passing through 
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it became a spot (0.9 mm in diameter). The attachment of a variable resistor connected 
to a battery allowed the light intensity of the light source to be adjusted. 
The baselines of the pure Raman spectra were then corrected. The 
baseline-corrected Raman spectrum y2(ν) was calculated as y2(ν) = y(ν) – ypoly(ν), in 
which ypoly(ν) is a fitted polynomial curve constructed with the following procedures. (i) 
For a spectrum truncated between the minimum Raman shift position νmin and the 
maximum position νmax, the degree of the function d was selected to fit the baseline 
using a polynomial function (this time d = 8). (ii) Using the least squares method, the 
polynomial function ypoly was first fitted to the Raman spectrum y. (iii) The Raman 
spectrum y was divided into upper and lower parts, relative to the fitted baseline ypoly. 
(iv) The number of data points on the upper side of y was designated NA, and the 
number on the lower side of y was designated NB. If NA < NB, the upper part of y was 
removed from the whole of y, and the Raman spectrum y was replaced with the lower 
part of the spectrum. Then, procedure (ii) was repeated. When NA e NB, the baseline 
was considered the best fit and optimal. 
 
3. Results and discussion 
As explained in Introduction, human skin is sensitive to sunlight, especially to UV light, 
which generates ROS in dermal cells. In this research, one of ROS, hydrogen peroxide, 
was used as a substitute of UV light. Here, we confirmed that the pigmentation of the 
black type skin model was reproduced by the stimulation of H2O2. Fig. 2a shows the 
skin models containing Black type melanocytes without and with the stimulation of the 
H2O2 (10 µL of 10 mM H2O2 was added to the 5 mL of medium containing a single 
piece of the Black type skin model. The black type was here chosen to exemplify 
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pigmentation of the skin models since the existence of melanin was the most readily 
recognizable). The image of the skin model at a week after the stimulation gave several 
clear spots (almost black in color) of melanin above the supporting layer (collagen) 
while that without the stimulation (the control) provided less spots of melanin. Also, we 
checked that the absorbance value at 405 nm of the skin model after the H2O2 
stimulation was clearly increased compared to that of the control (Fig. 2b). 
Figure 3a shows all the pure Raman spectra produced in the present study. The 
offset values of the spectra differed greatly. When the background value of a spectrum 
was low, the corresponding baseline was close to a straight line. If a baseline shifted 
upward, it was varied to a more concave-down structure, and accompanying this 
change, the Raman peaks became more planar. In Fig. 3b, the spectra of each model 
were averaged over the time course. The offset values, wavenumber averaged, were 
~0.24, ~0.16, and ~0.11 for the Black, Asian, and Caucasian models, respectively. 
These values are probably influenced by the eumelanin bio-polymers of human skin, 
which gives two broad peaks of Raman bands at 1580 and 1380 cm-1 whose full widths 
of half heights are around 100 cm-1 and whose positions are not influenced by the 
wavelengths of excitation lights (457.9, 514.5, 632.8, and 785nm).20  
Figure 4a shows the baseline-corrected spectra. The major bands at 1007 cm–1, 
1455 cm–1, and 1662 cm–1 are assigned to the ring breath mode of phenylalanine, the 
CH2 bending mode, and the amide I mode of proteins, respectively.
13, 21 Fig. 4b shows 
the time-dependent intensity profiles for these specific bands. For the Caucasian model, 
almost all the Raman bands underwent large intensity changes within 4–5 days of 
stimulation and the bands became stable thereafter. For the Black model, the Raman 
bands remained almost unchanged throughout the observation period. For the Asian 
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model, the spectral changes were intermediate compared with those of the Caucasian 
and Black models. The Raman responses of the Caucasian and Asian models occurred 
within 4–5 days of H2O2 stimulation (Fig. 4b) are both interesting and important 
because the phenomenon is probably relevant to the early-stage sensing and diagnosis 
of pigmentation disorders of the skin (macroscopically, pigmentation was recognized 
only at 10–14 days after stimulation). 
For clarifying whether the spectral changes observed in the above (Fig. 4b) are 
specific for effects of reactive oxygen species, the time-dependent intensity changes of 
the remarkable Raman signals for the Caucasian skin type after the H2O2 stimulation 
(Fig. 4b) were compared to those without the H2O2 stimulation (the control). We 
confirmed that the drastic changes in the Raman signals within 4-5 days for the 
stimulated Caucasian type were not observed in the control. 
Let us here discuss the information obtained using the Raman confocal 
microscope to the live tissue analysis. The intensities of Raman bands were measured in 
the fixed focal volume given by the Raman confocal microscope, and the information 
obtained there is affected by many factors (superposition of many chemical reactions). 
Even in the situation it is possible to estimate changes in the concentrations for Raman 
active chemical species since the intensity of a Raman band is changed in a proportional 
manner to concentrations. In Fig. 4b, concerning to the Caucasian skin models, the 
remarkable Raman bands at 1455, 1662, and 1007 cm-1 gave intensity changes with 
synchronicity as function of time, whose bands correspond to the vibrations of the CH2, 
amide, and phenylalanine portions, respectively. The observation of the intensity 
changes with synchronicity suggests that the concentrations of the Raman active 
molecules in the fixed focal volume were changed in the same manner. It is probable 
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that the observed dermal cells were changed to different states after the H2O2 
stimulation to give the synchronous changes in the Raman bands. 
In Fig. 4b, the 3D human skin models containing melanocytes exhibited 
different responses to H2O2. It is of interest that Caucasian keratinocytes commonly 
used in all the three skin-type models, the majority of the dermal cells, were influenced 
by the different types of the melanocytes present (the skin models are fabricated by 
spreading dermal cells on the collagen sheet with the approximate ratio of one 
melanocyte to twenty keratinocytes; we can model three types of the skin models by 
choosing Caucasian, Asian, and Black type melanocytes; within melanosomes of a 
melanocyte, melanin is synthesized and transformed into surrounding keratinocytes 
through dendrites of the melanocyte; the melanocytes were remained in the basal layer 
while keratinocytes were proliferated upward in order to form the three dimensionally 
developed skin models with the basal layer, prickle cell layer, granular cell layer, and 
keratin layer.) Melanin is a pigment with a complex chemical structure. Two types of 
melanin coexist in almost all human beings, and their ratio determines an individual’s 
hair and skin color.22, 23  One is eumelanin, which is brown to black in color, and the 
other is pheomelanin, yellow to red in color. These are probably the main compounds 
that cause differences in dermal cells in terms of their sensitivity to H2O2. Melanin is 
related to the photoprotection of the skin through its ability to absorb and scatter light.22, 
23 Another function of melanin is in the reduction or generation of ROS.22, 23 While 
ROS reduction is induced by eumelanin, ROS production is done by pheomelanin.22, 23 
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4. Conclusion 
With H2O2 stimulation, the time-dependent Raman spectra of three kinds of skin models 
exhibited different responses. Changes in the Raman signals were observed at the early 
stage, compared with the macroscopic pigmentation after stimulation. The properties of 
the skin models were characterized using the Raman technique. Raman bands for the 
Caucasian skin model showed large intensity changes within 4–5 days of stimulation, 
compared to those for the Asian and Black skin model. Eventually, eumelanin and 
pheomelanin are considered to be the main compounds that differentiate skin properties 
in terms of their sensitivity to H2O2. The findings are important since the early stage 
Raman detections of the skin identities may allow us to classify disorders or diseases 
such as stains, freckles, and cancers of the skin in a newly started manner. Our research 
group is at present interested in measuring the Raman spectra of single melanocytes or 
keratinocytes, distinguishing the locations in the target cells to study more specific 
chemical reactions. 
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Figure 1. (a) An example of 3D human skin models containing melanocytes (the 
hematoxylin and eosin (HE) stained tissue image). SC, stratum corneum; BL, basal 
layer; SL, supporting layer; M, melanin. At the right side, a magnified schematic 
representation around the BL. KC, keratinocyte; MC, melanocyte. (b) The Raman 
spectroscopic system. (c) A schematic representation of the Raman measurements 
relative to the time course after stimulation. The rectangle represents the six-well-plate 
used to hold the cells; the open circle represents a piece of the skin model; the asterisk 
indicates the operation of picking a piece of the model skin out of the incubator. The 
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label ‘(0)’ on the vertical axis indicates when the H2O2 stimulations were applied to the 
three types of skin models. 
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Figure 2. The skin models containing Black type melanocytes (a) without and with the 
stimulation of the hydrogen peroxide (the hematoxylin and eosin (HE)-stained tissue 
images). A single piece of the Black type skin model was stimulated by 10 µl of H2O2 
(10 mM). (b) the corresponding absorbance values at 405 nm. The error bars correspond 
to the standard deviation values. The thicknesses of the skin models are approximately 
250 to 300 µm. 
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Figure 3. (a) The complete Raman data used in the present research (126 spectra). (b) 
Time-averaged spectra for the Black, Asian, and Caucasian skin types. 
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Figure 4. (a) Raman spectra after baseline corrections for the Black, Asian, and 
Caucasian models, respectively. (b) Time-dependent intensity profiles for the Black, 
Asian, and Caucasian skin types. For the data points, solid circles, asterisks, and open 
circles are used to represent the intensity values at 1007, 1662, and 1455 cm–1, 
respectively. 
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This chapter was referenced from S. Morita, S. Takanezawa, A. Date, S. Watanabe, and 
Y. Sako, 'Raman Spectroscopic Analysis of H2O2-Stimulated Three-Dimensional 
Human Skin Models Containing Asian, Black, and Caucasian Melanocytes', J. 
Spectrosc. (2013) ID: 903450.  
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